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This research explored the factors affecting attitudes toward drone delivery and the
moderating effect of COVID-19. Government effort to address the COVID-19 pandemic
has led to social distancing and shelter-in-palace guidelines. Many states have imposed
additional regulations, restricting retailers from offering in-store shopping and restaurants
from offering indoor dining. As a result, the use of delivery services has increased. In a
further effort to reduce virus spread, some delivery services now offer a contact-free
option. The contact-free option permits orders to be left at a designated location,
eliminating the physical-human interaction upon delivery. The contact-free nature and
potential speed of drone delivery make using the technology a viable option amidst
today’s social distancing guidelines. The findings of this study support drone delivery as
a feasible delivery option. The perceived attributes, COVID-19 variable, performance
risk, and drone familiarity were found to be predictors of attitude toward drone delivery.
All the predictors have a positive relationship with attitude except perceived risk.
Attitude, the perceived attributes, the presence of COVID-19, and gender are the best
predictors of intention to use drone delivery. Perceived risks are not significant
predictors of intention to use drone delivery. Compared to a pre-COVID-19 study
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conducted in 2018, the perceived attributes account for 26% more and the perceived risks
account for 81% less of the variance in predicting attitude. Similarly, compared to the
pre-COVID-19 study, the perceived attributes account for 58% more and the perceived
risks account for 74% less of the variance in predicting intention. This indicates that the
perceived attributes of drone delivery weigh more and the perceived risks weigh less on
attitude and intention than the earlier study. To draw these conclusions, a model based
on the Technology Acceptance Model and Diffusion of Innovations theory was adopted
and modified from a previous study. Then, a survey was administered on August 26th,
2020, to Americans aged 18 and older via Amazon’s Mechanical Turk platform. A round
of interviews was also administered. Following collection of the data, exploratory and
confirmatory factor analyses were conducted. Model fit was confirmed through
confirmatory factor analysis. Three hierarchical multiple regressions were carried out.
The first identified the significant predictors of attitude as stated above. The second
regression revealed that COVID-19 had a direct effect in lieu of a moderator effect on
attitudes toward drone delivery. The third and final regression identified the significant
predictors of intention as previously stated. Contributions of this study include
identifying a direct effect of COVID-19 on attitudes towards drone delivery, discovering
the best predictors of attitudes and intention to use drone delivery and a model with
replicable results that may be used to measure attitude and intention in the future.
Keywords: drones, package delivery, attitudes, Technology Acceptance Model
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CHAPTER I
INTRODUCTION
In the last decade, unmanned aircraft systems (UAS) use has expanded beyond
military operations (Blom, 2010) and recreational activities (Clarke, 2014) to being
employed by government and commercial organizations in the United States (Federal
Aviation Administration, 2019). UAS, commonly referred to as drones, are now present
in law enforcement, real estate, photography, filmography, construction, education,
agriculture and many other sectors (Federal Aviation Administration, 2019). Despite
interest, research and investment by companies such as Amazon, Google, Dominos and
FedEx, drone package delivery is not yet widely available in the U.S. (Chen et al., 2019;
Jenkins et al., 2017). Before drone package delivery services can thrive, a number of
technological (Edwards & Mackay, 2017; Jenkins et al., 2017), regulatory (Stöcker et al.,
2017; Winkler et al., 2018) and social challenges (Clothier et al., 2015) must be
overcome. As the technology and research into safely integrating drones into the
National Airspace System (NAS) matures (Cotton, 2020; Kloet et al., 2017; Lascara et
al., 2019; Murray & Chu, 2015), the Federal Aviation Administration (FAA) has begun
issuing waivers for many of the regulatory restrictions that are barriers to drone delivery
(Federal Aviation Administration, 2019). Current legislation limiting the development of
drone package delivery includes the following prohibitions: flights at night, flights over
people, and flights beyond the operator’s line of sight (Jenkins et al., 2017). The FAA
has now issued waivers for each of these legislative barriers (Federal Aviation
Administration, 2019). The social challenges include the consumers’ attitudes towards
and willingness to use the service (Lidynia et al., 2017; Yoo et al., 2018). Yoo et al.
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(2018) found that attitude toward drone delivery had a positive relationship with the
intention to use the service. In recent months, shelter-in-place and social distancing
guidance to combat the Coronavirus Disease of 2019 (COVID-19) pandemic has resulted
in increased use of delivery services (Hobbs, 2020). After first using online shopping and
delivery during the crisis, many consumers are likely to continue using the service
(Hobbs, 2020). Given the viability of drones in a delivery application (Garcia & Santoso,
2019; Jenkins et al., 2017), the purpose of this research study was to explore the effect of
COVID-19 (crisis) on attitudes toward drone delivery.
This chapter is organized in the following manner. First, the distribution of
current commercial UAS applications is introduced. Second, legislation related to drone
package delivery is explained. Third, the Coronavirus pandemic is introduced and
explored. The chapter continues to define drone package delivery and then describes the
benefits as well as the technological, regulatory, and social challenges inherent in the
implication of the service. Next, the problem statement is introduced, which addresses
two gaps in the literature (1) the lack of research on the effect of a crisis like a global
pandemic on diffusion theory and (2) the lack of a model that addresses the public’s
attitudes toward drone delivery and intention to adopt it with results that can be replicated
to gauge future change. The chapter concludes with a summary.
Background
Drones are now used in many commercial applications. “Perhaps no UAS use has
so captured the media’s attention and public imagination as UAS package delivery”
(Jenkins et al., 2017, p. 2). Drones are now expected to be a disruptive technology in
delivery services (Jenkins et al., 2017). Prior to legislation that allowed UAS to operate

3
commercially in the United States, it was forecasted that agricultural uses would dwarf
other potential applications (Jenkins & Vasigh, 2013). Just a few years after the first
legislation that authorized commercial use, agriculture makes up only 7% of commercial
UAS missions (Federal Aviation Administration, 2019). According to Federal Aviation
Administration (2019), the distribution of the remaining missions are research and
development/training/education (21%), film/event/entertainment/sports (21%),
industrial/utility/environmental/oil and gas (16%), real estate (13%), construction (8%),
other (6%), press and media (5%) and emergency and preparedness (3%). Commercial
UAS applications are continuing to expand (Federal Aviation Administration, 2017,
2018b, 2019). In December of 2013, Jeff Bezos announced Amazon’s plans to use
drones for package delivery (Murray & Chu, 2015). Since this initial announcement to
use drones for package delivery, several other organizations have come forward with
similar plans. Walmart, Google, Zipline, Flirtey, UPS, FedEx, DHL, 7-Eleven and
Dominos are now pursuing UAS technology for delivery services (Choi et al., 2019;
Ivancic et al., 2019; Jenkins et al., 2017; Yoo et al., 2018). Despite Bezos’s early
announcement about drone delivery, Amazon’s drone delivery service is still not
available to consumers. While UAS use continues to proliferate across commercial
applications, drone delivery services for consumers has yet to become mainstream due to
several challenges that include U.S. regulations.
The challenges that obstruct the mainstream adoption of UAS delivery services
include the U.S. regulations and the evolution of more technological advances that will
help to make UAS safer to consumers, and compliant with National Airspace System
restrictions. Current commercial UAS legislation (14 CFR Part 107) does not permit
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UAS to operate beyond the line-of-sight of their operators or at night. The restrictions
are in place pending acceptable technology to safely integrate drones into the National
Airspace System (Cotton, 2020). Addressing technological challenges such as
incorporating sense-and-avoid technology, enabling aircraft to maintain a safe distance
from aircraft, people, obstacles, and structures, during the daylight and at night would
create an environment to facilitate easing drone restrictions (Jenkins et al., 2017). In
addition to the regulatory and technological challenges to drone package delivery, social
challenges must also be overcome.
The social challenges have gained the interest of scholars who have begun
publishing research to address them (Edwards & Mackay, 2017; Ramasamy et al., 2016;
Wallace et al., 2019). Yoo et al., (2018) held that companies planning to employ drone
delivery must understand a consumer’s willingness to use the service. Yoo et al. (2018)
found that attitude toward drone delivery had a positive relationship with the intention to
use the service. Yoo et al. (2018) explored the relationship between independent
variables such as the relative advantage of speed, perceived risk, and personal
innovativeness. Additionally, Yoo et al. (2018) used attitude toward drone delivery as a
mediating variable. The recent pandemic (COVID-19) provided an opportunity to
explore the effect COVID-19 may have had on attitudes toward drone delivery. In early
diffusion research, Pemberton (1937) held that social crisis is one reason why diffusion of
an innovation may deviate from the normal S-curve of diffusion. Beyond the Pemberton
study, no research on the theory could be found to explore the effects of crisis on
adoption. Instead, diffusion studies on the effect of crises shifted focus to diffusion of
information during a crisis (Taylor & Perry, 2005; Wei et al., 2012). The social crisis
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resulting from the recent Coronavirus Disease of 2019 pandemic presented an
opportunity to explore the Pemberton (1937) theory. According to (Sen-Crowe et al.,
2020, p. 1), “The severity of the COVID-19 outbreak is the greatest public health threat
caused by a respiratory virus since 1918” (Sen-Crowe et al., 2020, p. 1). The social crisis
resulting from the COVID-19 pandemic is the crisis used in the present study.
In response to the pandemic, the Centers for Disease Control and Prevention
issued social distancing guidance and many states issued stay home or shelter-in-place
orders (Sen-Crowe et al., 2020). Some states closed businesses to in-store shopping and
permitted curbside pickup and delivery instead (Benzell et al., 2020; Dua et al., 2020).
Similarly, many states opted to close restaurant dining rooms but permitted takeout and
food delivery (Benzell et al., 2020; Dua et al., 2020). Contact free delivery and pickup
services are now offered to reduce the potential for virus spread (Benzell et al., 2020;
Dua et al., 2020). As Americans began to employ the social distancing concept and
quarantine guidelines, Andersen, Hansen, Johannesen, & Sheridan (2020) found that
online spending on grocery shopping nearly doubled. Use of delivery services increased
as well. Hobbs (2020) found that many people used online delivery for the first time
during the pandemic. Online grocery delivery before COVID-19 was in the early stages
of adoption (Hobbs, 2020). Although some may turn away from online delivery after the
pandemic passes, adoption has quickly advanced and many will continue using the
delivery option (Hobbs, 2020). Nguyen & Vu (2020) noted the surge in food delivery
and held that the services put delivery workers on the front line. To protect customers
and workers, companies have modified delivery procedures. A contact-free delivery
option permitted deliveries to be left at the customer’s door (Nguyen & Vu, 2020).
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Businesses have struggled to cope with the increased demand for delivery services
(Hobbs, 2020). Researchers point out that appropriate investment in delivery resources is
necessary to fulfill online orders (Hobbs, 2020).
As consumers shift to online shopping and no-contact delivery, drones could be
the technology to assist in meeting delivery demand. Skorup & Haaland (2020) found
that China had used drones to deliver 11 tons of cargo to areas hit with COVID-19.
Skorup & Haaland (2020) held that the non-contact nature of drones used in delivery
supported social distancing, reduced the rate of spread of COVID-19 and reduced
delivery times by 50%. According to Bamburry (2015), fast food companies have already
been experimenting with using drones for food delivery. Jeff Bezos has said that 86% of
online orders from Amazon are suitable for drone delivery in terms of weight (Bamburry,
2015). In response to COVID-19, social distancing and shelter in place have become the
new normal (Hall et al., 2020). Amidst the new normal of social distancing and increased
delivery demand, this study explored the moderating effect of COVID-19 on attitude
toward drone delivery.
Drone Package Delivery
For this study, drone delivery is defined as using an unmanned aircraft to deliver
packages locally or “last-mile” from a local warehouse or retailer to the destination as
prescribed by the consumer. Since the 2013 announcement by Jeff Bezos (Murray &
Chu, 2015), retailers such as Walmart, delivery services including UPS, gas stations and
pizza chains are hoping to use UAS technology to deliver their products (Choi et al.,
2019; Ivancic et al., 2019; Jenkins et al., 2017; Yoo et al., 2018). Additionally, the
healthcare sector is interested in using UAS to deliver medical supplies and prescription

7
drugs (Gatteschi et al., 2015; Scott & Scott, 2017). Generally, last-mile delivery is the
leg an item travels from the warehouse or business to the recipient’s address (Goodman,
2005; Y. Wang et al., 2016). Last-mile delivery could make up as much as 25-30% of
the total delivery cost (Goodman, 2005; X. Wang et al., 2014; Y. Wang et al., 2016).
Today, last-mile deliveries are often made via a truck driving up to 200 local miles within
a community and making up to 50 individual deliveries (Goodman, 2005). Now that
drone package delivery has been defined, the following section will introduce challenges
to the delivery service.
Challenges to Drone Package Delivery
There are several challenges that UAS must overcome in order to be successful.
The first challenge involves technological enhancements for safety (Jenkins et al., 2017).
To address the technological challenges and reduce the likelihood of accidents, it is
necessary to first incorporate sense-and-avoid technology that enables the aircraft to
maintain a safe distance from other aircraft, people, obstacles and structures during the
day and at night (Jenkins et al., 2017). Regulatory standards require sense-and-avoid
technology to perform at least as well as a human’s ability (Edwards & Mackay, 2017).
FAA performance standards also hold that Detect and Avoid systems (DAA) must
identify hazards and keep UAS “well clear” of other aircraft (W. C. Wang & Wu, 2020).
A number of ground based systems (Sahawneh et al., 2018) and onboard (Zsedrovits et
al., 2016) sense-and-avoid systems are being tested. Second, commercial users must
consider the overall network. This includes integration into the NAS (Lascara et al.,
2019), ideal locations of hubs, warehouses, launch platforms and routes (Kloet et al.,
2017; Murray & Chu, 2015; Poikonen et al., 2017; Scott & Scott, 2017; Shavarani et al.,
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2018). Current research has explored drone launch platforms (Campbell et al., 2017;
Garcia & Santoso, 2019; Hochstetler et al., 2016; Murray & Chu, 2015), optimal
recharging locations (Shavarani et al., 2018), human-UAS interaction (Abtahi, Zhao, E,
& Landay, 2017), safety and privacy (Clothier et al., 2015; Nelson et al., 2019). Both
Lascara et al. (2019) and Cotton (2020) have proposed air traffic management strategies
that could allow drones to proliferate in the NAS with limited modifications to existing
protocols.
The second challenge, contingent upon technology as described above, involves
legislation that will allow the package delivery sector to thrive. In order to create an
environment for drone delivery to be successful, legislation must provide the appropriate
scope, scale, and operational flexibility (Jenkins et al., 2017). While awaiting sufficient
legislation in the United States, companies are conducting testing and research abroad
(Choi-Fitzpatrick et al., 2016). The first legislation to allow UAS to operate
commercially in the United States is 14 CFR Part 107. This legislation is a step in the
right direction, but not yet sufficient to allow proliferation of UAS package delivery
services. Some of the major obstacles presented by Part 107 are the requirement to keep
the UAS within line-of-sight of the operator, flights can be conducted only during the
day, drones are not permitted to fly over nonparticipating people, or to be operated from a
moving vehicle (except over sparsely populated areas) (Federal Aviation Administration,
2016a; Jenkins et al., 2017). While researchers are investigating the technological
challenges, the remainder of this section explores research addressing the social
challenges.
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The final challenges are social challenges such as consumers’ attitudes toward
and intention to use drone technology (Yoo et al., 2018). The social implications of
implementing drones into commercial aviation have been studied for nearly two decades.
As will be demonstrated in the literature review, results vary in studies of perception,
attitudes towards, and acceptance of drones in commercial and delivery applications. In a
recent study, Yoo et al. (2018) used Diffusion of Innovation (DOI) theory and the
Technology Acceptance Model (TAM) to construct a model to measure attitudes towards
and intention to adopt drone delivery. Yoo et al. (2018) described the model as follows:
Based on the diffusion of innovation theory (Rogers, 1983) and the technical
acceptance model (Davis, 1989), this study develops a theoretical model of the
relationships between customer adoption factors (i.e. attitude toward drone
delivery and intention to use drone delivery) and determinants such as perceived
attributed of an innovation (i.e. relative advantages and complexity), perceived
risks, and individual characteristics (i.e. personal innovativeness, environmental
concerns, and mass media channels) (p.1688).
The researchers found support for their hypotheses that attitude toward drone
delivery has a positive relationship with the relative advantages of speed and
environmental friendliness, lower complexity and personal innovativeness (Yoo et al.,
2018). They also found support for their hypotheses that performance risk and privacy
risk negatively affects attitude toward drone delivery (Yoo et al., 2018). There was not
support that mass media channels or environmental concerns positively affected attitude
toward drone delivery (Yoo et al., 2018). The researchers did find that attitude toward
drone delivery had a positive relationship with intention to use the service (Yoo et al.,
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2018). In the present study, the Yoo et al. (2018) model is extended to adjust the
individual characteristics to age, gender, education, rural vs. urban, state in the union, and
drone familiarity. The model is further extended to test for a moderating effect of crisis
(COVID-19) on attitudes toward drone delivery.
Purpose of the Study
The purpose of this research is to evaluate how crisis resulting from the COVID19 global pandemic has affected attitudes toward drone delivery and effected the
intention to use the service. Some implications of the crisis include store and restaurant
closures, social distancing and shelter in place orders (Benzell et al., 2020; Dua et al.,
2020; Sen-Crowe et al., 2020). As previously stated, these measures have led to
increased use of online shopping and delivery services (Hobbs, 2020). Given the
viability of drones for delivery missions (Garcia & Santoso, 2019), this study evaluated
attitudes toward drone delivery amidst the increased use of delivery services.
Significance of the Study
Following the increased demand for delivery services, public attitude toward
drone package delivery seems to have shifted from neutral to in favor of the technology.
This shift could indicate that the market environment is finally right (in terms of
consumers’ intent to use the service) for the drone delivery service proposed by Jeff
Bezos several years ago. Furthermore, this study contributes to the body of research on
diffusion theory by adding the evaluation of the effect of a crisis on the stages of the
diffusion of innovation. Before closing the chapter with a summary, the research
questions are introduced in the next section.
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Research Questions
Three research questions were developed for this study. The first question was
developed to determine if the implications of the COVID-19 pandemic has had any
impact on attitudes toward drone delivery. The second research question was included to
determine which of the perceived attributes best predict a positive attitude toward drone
delivery. Finally, the third research question was added to identify which of the
individual characteristics best predicts a positive attitude towards drone delivery. The
three research questions are listed below.


How has COVID-19 (crisis) affected public attitudes toward drone delivery?



Which of the perceived attributes best predict a positive attitude towards drone
delivery?



Which individual characteristics best predict a positive attitude towards drone
delivery?

Summary
Drone package delivery is now being pursued by several companies. The
legislation to allow package delivery by drone to thrive is not yet in place. Appropriate
legislation awaits the technology to allow drones to operate safely in the NAS beyond the
operator’s line-of-sight, over people, and at night. A large body of research proposing
solutions to the technological challenges is now available. A remaining challenge is to
assess consumers’ intent to use the drone delivery service. Yoo et al. (2018) proposed a
model based on DOI and the TAM to assess the public’s attitude and intention to adopt.
The Yoo et al. (2018) model was extended and modified in the present study in order to
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assess the effect of the COVID-19 pandemic on attitudes toward drone delivery and
intention to use the service. A literature review is provided in the following chapter.
Definitions of Terms
Term

Definition

Unmanned Aircraft System

An unmanned aircraft and the elements that are required to
operate the aircraft safely and efficiently in the national
airspace system (e.g. ground station, communication
equipment) (Federal Aviation Administration, 2020).

National Airspace System

The common network of United States airspace – air
navigation facilities, equipment and services, airports or
landing areas; aeronautical charts, information and
services; rules, regulations and procedures, technical
information; and manpower and material (Federal Aviation
Administration, 2016b).

Drone

The term drone is used in this study to refer to the
unmanned aircraft itself.

Pandemic

An outbreak of a disease that occurs over a wide
geographic area and typically affects a significant
proportion of the population (Merriam-Webster, n.d.-b).

Drone Delivery

Using an unmanned aircraft to delivery packages locally
from a warehouse or retailer to the final destination (Yoo et
al., 2018).

COVID-19

A mild to severe respiratory illness caused by a
coronavirus, is transmitted chiefly by contact with
infectious material or with objects or surfaces
contaminated by the virus. The virus is characterized by
fever, cough, shortness of breath and may progress to
pneumonia and respiratory failure (Merriam-Webster, n.d.a).

Unmanned Aerial Vehicle

Synonym for Unmanned Aircraft System, commonly used
to refer to military variants (Keane & Carr, 2013).

Mechanical Turk

An online marketplace which allows users to pay for small,
online tasks such as completing surveys (Bentley et al.,
2017).
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List of Acronyms
Acronym

Term

UAS

Unmanned Aircraft System

TAM

Technology Acceptance Model

DOI

Diffusion of Innovations

COVID-19

Coronavirus Disease 2019

FAA

Federal Aviation Administration

NAS

National Airspace System

CFR

Code of Federal Regulations

UPS

United Parcel Service

DAA

Detect and Avoid systems

TCAS

Traffic Collision Avoidance System

ADS-B

Automatic Dependent Surveillance-Broadcast

RADAR

Radio Detection and Ranging

LIDAR

Light Detection and Ranging

NASA

National Aeronautics and Space Administration

sUAS

Small Unmanned Aircraft System

UAV

Unmanned Aerial Vehicle

MTurk

Mechanical Turk

EFA

Exploratory Factor Analysis

CFA

Confirmatory Factor Analysis

PCA

Principal Component Analysis

SEM

Structural Equation Modeling
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RMSEA

Root Mean Square Error of Approximation

CFI

Comparative Fit Index

TLI

Tucker Lewis Index

AVE

Average Variance Extracted

SRMR

Standardized Root Mean Squared Residual

CDC

Centers of Disease Control and Prevention
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CHAPTER II
REVIEW OF THE RELEVANT LITERATURE
This chapter provides an overview of the literature related to the present study on
attitudes toward drone delivery. The chapter begins with the introduction to “last-mile”
drone delivery including a definition and what it entails. Next, the chapter explores the
challenges to making drone package delivery mainstream, in particular the technological,
regulatory, and social challenges that stand as obstacles to acceptance. Examining the
literature related to public perception and the acceptance of drones is next. Followed by
an overview of the Technology Acceptance Model and Diffusion of Innovations theory,
to help the reader understand the stages necessary for the public to accept a new
innovation like drone delivery. The chapter continues with a detailed overview of the
research which led to development of the model for the present study. Finally, the
research questions, hypotheses and model are presented before closing with a summary.
Unmanned Aircraft Terms
A few different terms are commonly used interchangeably to refer to unmanned
aircraft and associated control systems. The paragraph continues by providing definitions
to unmanned aircraft related terms as used in this paper. In a 1936 report, Lieutenant
Commander Delmar Fahrney, of the U.S. Navy coined the term “drone” to refer to radiocontrolled aerial targets (Keane & Carr, 2013). Unmanned Aerial Vehicle (UAV) is
another term commonly associated with military unmanned aircraft (Keane & Carr,
2013). The civilian industry has tried to differentiate from military drones by applying
the term unmanned aircraft system (UAS) (Canis, 2015). Today, the FAA defines UAS
as follows: “UAS consists of the unmanned aircraft platform and its associated elements-
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including communication links, sensors, software and power supply – that are required
for the safe and efficient operation in the national airspace system” (Federal Aviation
Administration, 2019, p. 41). The term drone has endured over the years and refers to the
aircraft itself rather than the overall operating system. Clarke (2014) defines drone as
follows: “the device must be heavier than air (i.e., balloons are excluded), the device
must have the capability of sustained and reliable flight, there must be no human on
board the device (i.e., it is ‘unmanned’), and there must be a sufficient degree of control
to enable performance of useful functions” (p. 236). This research paper uses drone to
refer to the aircraft itself and UAS to refer to the overall system. Now that the terms used
to describe the delivery platforms and systems have been defined, last-mile package
delivery will be explained.
Last-Mile Package Delivery
A practical use of drone delivery would be the final or “last-mile” leg of the
supply chain. Generally, last-mile delivery is the leg an item travels from the warehouse
or business to the recipient’s address (Goodman, 2005; Y. Wang, Zhang, Liu, Shen, &
Lee, 2016). Last-mile delivery could make up as much as 25-30% of the total delivery
cost (Goodman, 2005; X. Wang, Zhan, Ruan, & Zhang, 2014; Y. Wang et al., 2016).
Today, last-mile deliveries are often a truck driving of up to 200 local miles and making
up to 50 individual deliveries within a community (Goodman, 2005). Seeking to improve
efficiency in the last-mile segment of the supply chain, researchers have explored crowd
sourcing (Y. Wang et al., 2016), collection-and-delivery points (X. Wang et al., 2014),
delivery vehicle routing and scheduling optimization (H. Wang, 2019) and drone delivery
(Gatteschi et al., 2015). Although research indicates that implementing drones into last-
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mile distribution is a viable solution (Garcia & Santoso, 2019; Jenkins et al., 2017), there
are challenges that prevent last-mile distribution from becoming commonplace. These
challenges are addressed in the next section.
The potential benefits of drone delivery have been acknowledged by researchers
for over 20 years. One of the major benefits of drone delivery is speed (Yoo et al., 2018).
According to Jeff Bezos, a customer could receive an Amazon order via drone in about
30 minutes (Bamburry, 2015). Additional benefits of drone delivery compared to
alternative delivery methods include lower operating costs (Jenkins et al., 2017) and
lower environmental impact (Koiwanit, 2018). There has been a lot of interest in drone
package delivery. Companies such as Walmart, Google, Zipline, Flirtey, UPS, FedEx,
DHL, 7-Eleven and Dominos are now pursuing the technology to offer a drone delivery
service (Choi et al., 2019; Ivancic et al., 2019; Jenkins et al., 2017; Yoo et al., 2018).
The delivery idea has also attracted scholars and there is a rapidly growing body of
research surrounding the technology (A. Ali et al., 2015; Jenkins et al., 2017; Scott &
Scott, 2017; Soffronoff et al., 2016). Drone package delivery is a new application for the
technology, but drones themselves have been around for decades (Keane & Carr, 2013).
It is unclear when using drones for package delivery was first proposed. However, the
idea of packages being delivered by drone began to appear in the literature around 2000
(van Blyenburgh, 2000). In his paper, van Blyenburgh (2000) listed the idea of drone
delivery among other possible applications, but held that it was not an application being
seriously considered at that time. The following section covers the challenges to drone
package delivery.
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Challenges to Drone Package Delivery
Researchers have identified technological, regulatory (Jenkins et al., 2017;
Mayes, 2018; Stöcker et al., 2017; Vincenzi et al., 2013), and social (Lidynia et al., 2017;
Yoo et al., 2018) challenges that must be addressed before drone delivery is available in
the United States. These challenges have gained a lot of attention and the body of
research surrounding them is growing quickly (Boutilier et al., 2017; Lidynia et al., 2017;
Mayes, 2018; Nelson et al., 2019; Winkler et al., 2018). The literature shows that the
technology is available (B. S. Ali, 2019; Labib et al., 2019; Sahawneh et al., 2018) and
awaits the appropriate legislation (Stöcker et al., 2017) and social acceptance (Aydin,
2019; Nelson et al., 2019). This section will proceed by reviewing literature related to
each of the challenges presented.
The technological challenge to drone delivery is closely related to the regulatory
challenge. Before legislation is modified to facilitate large-scale drone package delivery,
the technology to permit safe operation in the NAS must first be in place (Cotton, 2020).
Given the relationship between the technological and regulatory challenges, this section
will proceed by first outlining current legislation before moving on to review literature
related to the technological developments proposed to address the challenges. Unmanned
aircraft are a potential risk to those that share the airspace and those on the ground
(Stöcker et al., 2017). Adequate legislation is a tool used to mitigate this risk (Stöcker et
al., 2017). The current and first legislation to allow drones to operate commercially in
the US is 14 CFR Part 107 (Jenkins et al., 2017). The regulation permits package
delivery but requires UAS to remain within line-of-sight of the operator (Ivancic et al.,
2019; Jenkins et al., 2017). The line-of-sight restriction requires operators to keep the
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drone in direct view without obstruction from structures, vegetation, etc. Additionally,
flights can be conducted only during the day (Ivancic et al., 2019; Jenkins et al., 2017).
Drones are not permitted to fly over nonparticipating people (Ivancic et al., 2019; Jenkins
et al., 2017). Also, drones may not be operated from a moving vehicle (except over
sparsely populated areas) (Ivancic et al., 2019; Jenkins et al., 2017). Part 107 controls the
hazards associated with beyond line-of-sight, night operations, and flights over people by
prohibiting them. To overcome the legislative challenge and mitigate risk, several sense
and avoid technologies are being explored. According to Jenkins et al. (2017), the
technological needs are sense-and-avoid technology for traffic deconfliction, a UAS
traffic management system, and command and control centers used to launch and retrieve
drones. The following paragraphs will explore the research that addresses the
technological needs required to integrate drones into the National Airspace System.
Because not all drones can detect and avoid obstacles or other aircraft, they
remain a challenge for the National Airspace System due to the safety issues they
represent. One of the greatest challenges to drones operating in the National Airspace
System is the ability to detect and avoid obstacles and other aircraft (Carnie et al., 2006).
Manned aircraft typically have systems to assist in traffic avoidance (Kang et al., 2017).
To remedy the potential safety risks, some traffic avoidance systems are being used on
UAS such as The Traffic Collision Avoidance System (TCAS) and Automatic Dependent
Surveillance-Broadcast (ADS-B) (Kang et al., 2017). However, systems like ADS-B and
TCAS are only useful when compatible communication is installed between aircraft
(Kang et al., 2017). Other active broadcasting systems found on manned aircraft such as
RADAR and LIDAR “are typically expensive, heavy and power hungry, at least at the
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scale of small UAS” (Kang et al., 2017, p. 3473). Unlike manned aircraft that can rely on
a pilot as the last line of defense to avoid an obstacle, a UAS does not have that luxury
(Edwards & Mackay, 2017). Small, general aviation aircraft typically rely primarily on
the pilots rather than collision avoidance systems for obstacle avoidance (Zsedrovits et
al., 2016). When operating near other airborne traffic the “right-of-way” rules apply
(Edwards & Mackay, 2017). These rules, outlined in 14 CFR 91.113, prescribe
appropriate actions when aircraft in a traffic conflict are in distress, converging,
approaching head-on, being overtaken, and landing. In order to meet regulatory
standards, sense and avoid technology must perform at least as well as the human
capability to see and avoid (Edwards & Mackay, 2017). To address the need for sense
and avoid systems to perform as well as manned aircraft in hazard avoidance, researchers
have developed a number of solutions (Ramasamy et al., 2018). Research and testing of
sense and avoid technology has included onboard systems (Zsedrovits et al., 2016),
ground based systems (Sahawneh et al., 2018), and comprehensive traffic management
networked systems (B. S. Ali, 2019; Labib et al., 2019).
Amidst maturing sense and avoid technology and research, the Radio Technical
Commission for Aeronautics published Minimum Operation Performance Standards for
the technology in 2017 (W. C. Wang & Wu, 2020). These performance standards were
oriented toward larger aircraft and were accepted by the FAA. The standards held that a
Detect and Avoid system (DAA) “provides surveillance, alerts and maneuver guidance to
keep a UAS ‘well clear’ of other aircraft” (W. C. Wang & Wu, 2020, p. 4). A DAA is
comprised of three components: ADS-B, active surveillance and onboard radar (W. C.
Wang & Wu, 2020). In a recent study, NASA tested a UAS equipped with the minimum
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equipment outlined by the FAA (W. C. Wang & Wu, 2020). Using a manned intruder
aircraft in the NASA study, W. C. Wang & Wu (2020) found DAA maneuvers to be
successful at resolving about 70% of traffic conflicts at 3.5 nautical miles and 50%
between 2.0 and 2.5 nautical miles. The major contributing factors when maneuvers to
resolve conflicts were ineffective were the UAS pilot’s decisions and intruder aircraft
velocity changes (W. C. Wang & Wu, 2020). The purpose of the NASA DAA study was
to inform the next phase of DAA requirements for the FAA (W. C. Wang & Wu, 2020).
As the FAA takes cautious steps to implement UAS into the National Airspace System,
some argue that the legislation is lagging behind drone technology (Stöcker et al., 2017).
While the research and technology waits for the legislation to catch up, the FAA had
approved 50,582 waivers to 14 CFR Part 107 as of December, 2019 (Federal Aviation
Administration, 2020). Of those waivers, 23.2% were for night operations, 1.8% for
operations over people and 1.8% for beyond visual line of sight operations (Federal
Aviation Administration, 2020). The first beyond line of sight drone flight waiver was
approved by the FAA in August of 2019 (Cotton, 2020). The FAA holds that it
authorizes these waivers “to facilitate business activities by sUAS while preparing for the
next round of regulations that will routinely allow present waiver requirements” (Federal
Aviation Administration, 2020, p. 54). This section has demonstrated that research and
technology offer many options to address the technological challenges to drone delivery.
If the waiver approvals are an indicator of the next round of legislation, the regulatory
environment for drone package delivery may be near. The next section will explore the
social challenge to drone package delivery.
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Attitudes Toward Drone Package Delivery
It is important for businesses considering adding a drone delivery service to also
consider their customers’ willingness to use the service (Yoo et al., 2018). Researchers
have studied public opinion and acceptance of UAVs for cargo and passenger
transportation (Macsween-George, 2003; MacSween, 2003), public perception of UAVs
(Nelson et al., 2019; Reddy & DeLaurentis, 2016; Tam, 2011; Vincenzi et al., 2013;
Wollert, 2018), public acceptance of drones in civil applications (Aydin, 2019; Legere,
2019; Lidynia et al., 2017), trust in the technology (Rochester, 2018), attitude toward
drone delivery (Yoo et al., 2018), and associated risk (Clothier et al., 2015). The
remainder of this section will provide a general overview of the literature on how drones
for non-passenger carrying commercial services are perceived in terms of favorability.
Over the last two decades, researchers have studied the public’s attitudes towards
drones, willingness to accept drones, willingness to adopt the technology and whether the
risks outweigh the benefits. The various constructs make gauging attitudes over time
challenging. This paragraph continues by outlining historical research findings before
concluding that the public’s attitudes are neutral to slightly positive. Early research by
Macsween-George (2003) indicated that 52% of the population was prepared to accept
UAS for cargo transportation. Later, Tam (2011) found 62% of the sampled population
to be willing to accept unmanned cargo airlines. Vincenzi et al. (2013) found about 40%
of participants thought cargo transportation was an acceptable mission for UAS.
Vincenzi et al. (2013), citing privacy as the primary concern, concluded that the public
was not ready to accept widespread use of UAS technology. Herron, Smith, & Silva
(2014) asked respondents to rate the balance of risk to benefits from 0 to 10, respectively.
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The question was presented as “Using small, pre-programmed drones to quickly deliver
light-weight packages to private residencies within the U.S. if approved by the Federal
Aviation Administration” (Herron et al., 2014, p. 66). Herron et al. (2014) found the
risks to outweigh the benefits of using UAS for package delivery. Surveying Australians,
Clothier et al. (2015) found privacy to be a primary concern. However, Clothier et al.
(2015) found that the Australian public did not perceive drones as risker than manned
aircraft and that they held a neutral attitude toward drones. In response to a question
asking “How much do you like or dislike the idea of delivery by Unmanned Aerial
Vehicles, also known as drones?”, Soffronoff, Piscioneri, & Weaver (2016) found a total
of 44% of respondents liked the idea vs. 35% held they disliked the idea (p. 105).
Wollert (2018) found more respondents to be comfortable with UAS used for delivery
than those that were uncomfortable (comfortable 40%, neutral 24%, uncomfortable 36%).
Reddy & DeLaurentis (2016) used, “Please indicate your stance on the use of unmanned
aircraft in the following categories of civilian applications” (p. 86). For the category of
commercial (e.g., cargo transport, pipeline monitoring), approximately 60% of nonstakeholder participants strongly supported or somewhat supported UAS use (Reddy &
DeLaurentis, 2016). Approximately 10% of non-stakeholders somewhat or strongly
opposed use of UAS in the category, while the remaining 30% were neutral (Reddy &
DeLaurentis, 2016). In a meta-analysis of eight UAS public acceptance studies dating
back as far as 2012, Legere (2019) found 2,969 responses to questions related to
acceptance of drone delivery services. After preparing the data for analysis, Legere
(2019) discovered that of those 2,969 responses, 45% were favorable toward acceptance
of drone delivery services whereas 55% were not. Legere (2019) described the current
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state of UAS public acceptance research as follows: “Understanding UAS public
acceptance through surveys is complicated, with many covariates and confounds” (p. 13).
Some of the studies reviewed in this paragraph found the public to be neutral in their
attitudes towards drones. While others found the public’s attitudes to be slightly positive
or negative. Based on the literature, the present researcher estimates public attitude
toward drone delivery to be neutral to slightly positive.
None of the studies reviewed in this section have sampled using a model with
similar variables and a similar survey instrument at two points in time. Therefore, none
of the studies provide comparison data to explore how attitudes toward drones are
changing over time. A contribution of the present study to provide a model to offer such
continuity for future studies. Measuring attitudes at two or more points in time with a
similar model addresses the ambiguity problem noted above as identified by Legere
(2019). In order to accomplish this continuity, the model proposed by Yoo et al. (2018)
was extended and modified to evaluate the factors affecting the public’s attitude and
intention to adopt drone delivery. The Yoo et al. (2018) model was further extended to
explore the effect of the COVID-19 pandemic on attitudes toward drone delivery and
intention to adopt the service. Given the recent trends in waiver approvals and the state
of the research and technology, delivery drones may become a reality in the not-sodistant future. Companies considering using the innovation need to understand “potential
consumers’ willingness to use drone delivery” (Yoo et al., 2018, p. 1688). The TAM and
DOI models are covered in the next section before proceeding to review the research
from which the current model was developed.

25
Technology Acceptance Model and Diffusion of Innovations
The Technology Acceptance Model, first proposed by Davis (1985), evolved from
the Theory of Applied Reasoning (Sharp, 2006). According to the TAM, a “potential
user’s overall attitude toward using a given system is hypothesized to be a major
determinant of whether or not he actually uses it” (Davis, 1985, p. 24). Davis (1985) held
that attitude toward a system is a function of perceived attributes such as usefulness and
ease of use (Figure 1). Therefore, attitude is a mediating variable between the perceived
attributes and intention to use (Sharp, 2006). Over the years, the TAM has been used in
many applications (Y. Lee et al., 2003). Researchers have extended the model,
introduced variables where applicable and incorporated other models to reduce
limitations (Y. Lee et al., 2003). The TAM is one of the most used and prominent
models used in measuring user acceptance (Y. Lee et al., 2003; Sharp, 2006).
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Figure 1. Technology Acceptance Model. According to the Technology Acceptance
Model attitude toward using a product or service is a function of perceived usefulness and
perceived ease of use (Davis, 1985).
The Diffusion of Innovation theory, which began with cultural anthropologists to
explain innovation among various civilizations or peoples, has long been studied and has
evolved, even into various disciplines such as communication, within the last century
(Gross, 1942). Tarde (1903) sought to understand why only 10 of 100 innovations
simultaneously conceived would spread while the other 90 would be forgotten. Tarde
(1903) used the term imitation to answer the question. He held that imitation is an
“elementary social act” (p. 144). A little over a decade later, Lehfeldt (1916) proposed
that diffusion followed a normal distribution. F. Steward Chapin also found support that
an invention’s lifecycle approached normality (Chapin, 1928). Chapin was later credited
for popularizing the S-shaped curve of diffusion (Ryan & Gross, 1943). In agreement
with Chapin and Lehfeldt, Pemberton (1936) held that “The curve of diffusion is simply
the cumulative expression of this symmetrical binomial distribution” (p. 548). Building
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upon previous research, Pemberton (1937) indicated three reasons for deviation from the
curve: chance variations, combinations of correlated elements, and social crisis. In
defining social crisis, Pemberton (1937) explained, “Such crises occur as the result of
wars, major culture conflicts in the economic patterns (depressions), or geographical
disturbances such as highly destructive earthquakes, floods, storms, etc.” (p. 55). This
paragraph has defined the S-curve of diffusion and identified potential reasons for
deviation from normality. The DOI Rate of Adoption model is outlined in the next
paragraph.
Throughout diffusion literature, one of the most commonly cited models is the
DOI Rate of Adoption model (Hoffmann, 2011, p. 1). Everett M. Rogers, considered the
“most successful scientist to ever come out of the tradition of Rural Sociology”
(Hoffmann, 2011, p. 1), published the first edition of Diffusion of Innovations, containing
the Rate of Adoption model in 1962 (Rogers, 2003). In the fifth and final edition of the
book, Rogers (2003) explained that the most recent edition of the book has the same
general model used to determine the rate of adoption as the first edition. In the model
that has endured for nearly 60 years, Rogers (2003) proposes five categories of variables
that determine the rate of adoption. The categories include the perceived attributes of an
innovation, type of innovation-decision, communication channels, nature of the social
system, and extent of change agents’ efforts (Figure 2). The long history of conceptual
and empirical research (Dearing, 2009) was the major factor in selecting the DOI model
for the present study. The following section will present the research from which the
current model was developed, leading to the current research questions, hypotheses, and
model.
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Figure 2. Diffusion of Innovations Model of Variables Determining the Rate of
Adoption.
Attitudes Toward and Intention to Adopt Drone Delivery
In a study of the factors affecting the public’s attitude toward and intention to
adopt drones for delivery, Yoo et al. (2018) proposed a theoretical model of “the
relationships between customer adoption factors and determinants such as perceived
attributes of an innovation (Davis, 1985; Rogers, 2003), perceived risks (Lopez-Nicolas
& Molina-Castillo, 2008), and individual characteristics (Rogers, 2003)” (p. 1688). The
model was developed using both the Rogers (1962) Diffusion of Innovation (DOI)
theory and the Technology Acceptance Model (TAM) proposed by Davis (1985).
According to the TAM, a major determinant of whether or not a consumer actually uses
an innovation is based on their overall attitude toward it (Davis, 1985). Further, the TAM
assumes attitude is a function of a potential consumer’s perceived usefulness and
perceived ease of use (Davis, 1985). Rogers (1962) explained the five attributes of
innovations as relative advantage, compatibility, complexity, trialability, and
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observability (Yoo et al., 2018). Consistent with Tan & Teo (2000) and Vijayasarathy
(2004), Yoo et al. (2018) held that the perceived attributes of an innovation are
determinants of attitude toward and intention to adopt an innovation. Since drone
delivery is not yet widely available, Yoo et al. (2018) chose to examine only the first
three attributes proposed by Rogers (1962) (relative advantage, compatibility and
complexity). Given that researchers such as Wu & Wang (2005) have found relative
advantage from DOI to be similar to the perceived usefulness and perceived ease of use
from the TAM, the DOI attributes are used in the Yoo et al. (2018) model. Aligned with
other recent TAM studies (Dutot et al., 2019), Yoo et al. (2018) conducted a regression
analysis of survey responses and did find that attitude toward an innovation (drone
delivery) had a positive relationship with intention to use the service. Further, Yoo et al.
(2018) found a positive relationship between the perceived attributes (speed,
environmental friendliness and lower complexity) and attitude toward drone delivery.
Their study revealed a negative relationship between perceived risks (performance risk
and privacy risk) and attitude toward drone delivery (Yoo et al., 2018). The Yoo et al.
(2018) model was selected as the baseline for the current research because the model is
based on DOI and the TAM, which are supported by a vast body of research (Alzubi et
al., 2018; Beal & Bohlen, 1956; Davis, 1985; Dearing & Cox, 2018; Dutot et al., 2019;
Gross, 1942; Pemberton, 1936; Rogers, 2003; Turner et al., 2010; Worku, 2019). In
correspondence with the authors, the present researcher was able to acquire a copy of the
original survey instrument to facilitate consistent measurement. The research questions,
hypotheses and model are derived in the next section before closing the chapter with a
summary.
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Research Questions, Hypotheses and Model
This study proposes a model (Figure 3) to evaluate the effects of COVID-19 on
attitudes toward drone delivery and intention to adopt the service.1 The model is
expanded and modified from that proposed by Yoo et al. (2018). In addition to the
moderating variable, age, gender and education were added as independent variables.
Weekley (2016) found age, gender and education to influence adoption of an innovation.
Yoo et al. (2018) found attitude toward drone delivery to differ between residents of rural
vs. urban areas. The Rural vs. Urban variable is added to the extended model. The state
of residence in the U.S. is added to the model to evaluate the number of COVID-19 cases
in each state compared with the respective attitudes toward drone delivery. Finally, the
Drone Familiarity variable is added to the extended model to test the “familiarity
hypothesis” (Belanche et al., 2019; Idemudia & Raisinghani, 2014; Komasová et al.,
2020; Komiak & Benbasat, 2006; Siegrist et al., 2007). The extended model was
developed to facilitate research of the following research questions:
RQ1. How has COVID-19 (crisis) affected public attitudes toward drone
delivery?
Consistent with Rogers (2003), Yoo et al. (2018) found perceived attributes to be
the most important category of variables for describing intention to adopt. The perceived
attributes explained 31.2% of the total variance (Yoo et al., 2018). The present study
explored the direct and moderating effects of COVID-19 on attitudes toward drone
delivery and intention to adopt. Additionally, the amount of variance explained by each

1

Detailed variable definitions are provided on page 43.
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of the model categories from the (pre COVID-19) Yoo et al. (2018) study and current
study are compared.
RQ2. Which of the perceived attributes best predict a positive attitude toward
drone delivery?
Yoo et al. (2018) found that demographic variables explained only 4% of the
variance in attitude toward drone delivery and intention to adopt. Previous research has
shown age (negative relationship) and education (positive relationship) to have an effect
on adoption of an innovation (Weekley, 2016). Yoo et al. (2018) held that the area of
residence such as Rural vs. Urban influenced attitude toward drone delivery. While the
relative advantage of speed had a positive relationship with participants living in both
rural and urban areas, the relative advantage of environmental friendliness had a positive
relationship only with those in urban areas (Yoo et al., 2018). To explore the best
predictors of attitudes toward drone delivery in the individual characteristics category, the
following research question was employed:
RQ3. Which individual characteristics best predict attitude toward drone delivery?
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Figure 3. Model of the Factors Affecting Attitudes Towards Drone Delivery and the
Moderating Effect of COVID-19.
Hypotheses
The way an innovation’s characteristics are perceived by a potential adopter may
explain the innovation’s rate of adoption (Rogers, 2003; Yoo et al., 2018). Researchers
have found the perceived attributes of an innovation to be important variables in
assessing adoption rates (Rogers, 2003; Tornatzky & Klein, 1982). Rogers (2003) held
that the five perceived attributes (relative advantage, compatibility, complexity,
trialability and observability) accounted for about half of the variability in adoption rates.
Consistent with Tan & Teo (2000) and Yoo et al. (2018), observability is omitted from
the present study due the present lack of opportunities to observe last-mile drone delivery
service. Similarly, trialability is omitted as drone delivery service is not yet widely
available (Yoo et al., 2018). According to Rogers (2003), “Relative advantage is the
degree to which an innovation is perceived as better than the idea it supersedes” (Rogers,
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2003, p. 15). Researchers have found a positive relationship between the relative
advantage of an innovation and attitudes toward adopting it (Tan & Teo, 2000; Yoo et al.,
2018; Zhang & Vorobeychik, 2019). Compared to alternative methods of last-mile
package delivery, drones are perceived to be fast (Bamburry, 2015; H. L. Lee et al., 2016;
Yoo et al., 2018) and environmentally-friendly (H. L. Lee et al., 2016; Soffronoff et al.,
2016; Yoo et al., 2018). Therefore, since drones are perceived to be faster and more
environmentally friendly than current delivery methods, a positive relationship between
the relative advantages of speed, environmentally-friendliness and attitudes towards
drone delivery was hypothesized. In order to validate the findings for use in the extended
model proposed in the present study, H1 and H2 were adopted from Yoo et al. (2018).


H1: The relative advantage of speed positively affects attitude toward drone
delivery.



H2: The relative advantage of environmental friendliness positively affects
attitude toward drone delivery.
Complexity is a construct in the perceived attributes category in the Rate of

Adoption model (Rogers, 2003). Complexity refers to how difficult use of an innovation
is believed to be (Rogers, 2003). Researchers have found a positive relationship between
lower complexity and attitudes toward an innovation (Tan & Teo, 2000; Yoo et al.,
2018). Similar findings have been noted in research applying the Technology
Acceptance Model, although the variable used is “perceived ease of use” (Davis, 1985, p.
24; Dutot et al., 2019). Researchers have found a positive relationship attitudes toward
an innovation and the perception that the innovation is easy to use (Davis, 1985, p. 24;
Dutot et al., 2019). Innovations that are perceived to be of lower complexity or easier to
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use than previous technologies have been found to have a positive relationship with
attitude (Davis, 1985, p. 24; Dutot et al., 2019). H3 was adopted from Yoo et al. (2018)
to validate the findings for inclusion of the extended model.


H3: Lower complexity positively affects attitude toward drone delivery.
Compatibility is a perceived attribute defined as “the degree to which an

innovation is perceived as being consistent with existing values, past experiences, and
needs…” (Rogers, 2003, p. 15). Yuen, Wang, Ng, & Wong (2018) found a positive
relationship between the compatibility and intention to use self-collection as a last-mile
option. If drone delivery is perceived as compatible with a potential adopter’s lifestyle,
there is expected to be a positive relationship between compatibility and attitudes toward
drone delivery (Yoo et al., 2018). H4 was adopted from Yoo et al. (2018).


H4: Compatibility positively affects attitude toward drone delivery.
Perceived risk is a category of risk variables often found in DOI and TAM studies

(Herzenstein et al., 2007; M. C. Lee, 2009; Lin, 2008; Yoo et al., 2018). Perceived risk is
the consumer’s perception that an innovation is not guaranteed to meet the minimum
acceptable goal level of the purchase, or result in a disadvantageous outcome (Lin, 2008).
Lin (2008) found a negative relationship between perceived risk and purchasing desire.
In the study, Lin (2008) defined purchasing desire as “the possibility that the consumers
intend to purchase the product or service” (p. 983). From previous studies (H. L. Lee et
al., 2016; Soffronoff et al., 2016), Yoo et al., (2018) found the biggest risk concerns with
drone delivery to be a malfunction resulting in damage to people or property
(performance risk), loss of the package due to an error, theft or damage (delivery risk),
and loss of personal information (privacy risk). Therefore, the risk category is broken
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down into three types of risk: Performance Risk, Delivery Risk and Privacy Risk (Yoo et
al., 2018). H5-H7 were adopted from Yoo et al. (2018) to validate the findings and
included in the model proposed in the present research.


H5: Performance risk negatively affects attitude toward drone delivery.



H6: Delivery risk negatively affects attitude toward drone delivery.



H7: Privacy risk negatively affects attitude toward drone delivery.
Hypotheses 1 – 7 test the relationship between attitude and both the perceived

attributes and perceived risks associated with drone delivery. Hypothesis 8 is introduced
to evaluate the effect of the number of COVID-19 cases per state on attitude. In response
to store closures (Dua et al., 2020) and shelter-in-place orders (Sen-Crowe et al., 2020),
Americans have turned to alternative methods for receiving purchased items.
Researchers have discovered that use of delivery services has increased (Andersen et al.,
2020). Many have used delivery services for the first time as a result of social distancing
(Hobbs, 2020) and limited in-store shopping and dining (Sen-Crowe et al., 2020).
Pemberton (1937) hypothesized that social crisis can result in extraordinary demand and
result in adoption that deviates from normality (Pemberton, 1937). The COVID-19
pandemic is the crisis that has led to the increased demand for delivery services (Benzell
et al., 2020; Dua et al., 2020; Sen-Crowe et al., 2020). This crisis, resulting from
COVID-19 provided an opportunity to explore the Pemberton (1937) theory in
comparing attitudes toward drone delivery before and during the COVID-19 pandemic.
A moderating variable may enhance or change the relationship between the dependent
and independent variables from positive to negative (Kim et al., 2001). The moderating
variable, covid19, is added to extend the model to evaluate the effect the crisis has had on
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the relationship between the independent and dependent variables in the proposed model.
To assess the relationship between the independent variables and attitudes toward done
delivery by state, H8 was tested.


H8: There is a positive relationship between the number of COVID-19 cases per
state and the attitude toward drone delivery.
After testing the relationship between the number of COVID-19 cases and

attitudes, Hypothesis 9 is included to test the effect of drone familiarity on attitudes
toward drone delivery. The adoption of new technologies is affected by the consumers’
trust in the product or service (Nelson et al., 2019; Siegrist et al., 2007). Research has
shown that trust is necessary to create a positive relationship with the adoption of an
innovation (Idemudia & Raisinghani, 2014; Komiak & Benbasat, 2006). Trust is often
affected by how familiar the consumer is with an innovation (Nelson et al., 2019). The
familiarity of the innovation affects the level of trust by the consumer for the innovation
(Idemudia & Raisinghani, 2014). The more familiar, the more the consumer trusts the
innovation (Idemudia & Raisinghani, 2014; Rogers, 2003). For example, the attitudes
toward smartphones was more positive with continued usage and familiarity (Idemudia &
Raisinghani, 2014). Likewise, Nelson et al. (2019) found a positive relationship between
familiarity and drone use in general. To assess the relationship between attitudes and
drone familiarity, the following hypothesis was tested:


H9: There is a positive relationship between the attitude towards drone delivery
and drone familiarity.
According to the Technology Acceptance Model, perceived usefulness and

perceived ease of use affect attitude toward using an innovation (Davis, 1985). Chen, et
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al. (2019) found perceived usefulness to have a strong impact on intention to adopt drone
delivery services. Ramadan, Farah, & Mrad (2017) proposed that “the higher the
perceived functional performance of the drone-delivery service, the more favorable the
consumers’ attitude toward done use” (p. 824). Amidst the recent increased use of
delivery services (Hobbs, 2020), those consumers that used delivery options may find
drone delivery services to be a useful delivery method. To test the impact of increased
delivery use on attitudes toward drone delivery, the following hypothesis was added:


H10: There is a positive relationship between people that used delivery services
(e.g., for groceries) during the crisis and attitude toward drone delivery.
According to Davis (1985), “a potential user’s overall attitude toward using a

given system is hypothesized to be a major determinant of whether or not he actually uses
it” (p. 24). A vast body of research now exists to support the model (Alzubi et al., 2018;
Davis, 1989; Dutot et al., 2019; Y. Lee et al., 2003; Mathieson, 1991; Sharp, 2006).
Attitude has often been found to be the best predictor of intention to use an innovation
(Davis, 1985; Davis et al., 1989; Yoo et al., 2018). If participants have a positive attitude
toward drone delivery, they are more likely to use the service when it is available.
Consistent with Yoo et al. (2018), the following hypothesis was tested:


H11: Attitude toward drone delivery positively affects intention to use it.
In comparison to the pre-COVID-19 study, due to the increased use of delivery

services, the current researcher posited that attitudes toward drone delivery would be
more favorable across all hypotheses. Accordingly, the following hypothesis was added.
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H12: There will be a more favorable attitude toward drone delivery and intention
to use drone delivery across H1-H11 than there was found in the pre-COVID-19
study.

Summary
Although drones have been around for nearly a century in military operations, the
legislation to permit commercial drone operations in the United States wasn’t signed into
law until 2016 (Federal Aviation Administration, 2018a). Due to technological
limitations, this first legislation prohibited flights over people, beyond line of sight, and at
night. This legislation is too restrictive to allow drone delivery to thrive (Jenkins et al.,
2017). Overcoming these restrictions will be necessary before the benefits of drone
delivery can be enjoyed. Potential benefits of drone delivery include lower cost (Jenkins
et al., 2017), speed (Yoo et al., 2018) and environmental friendliness (Koiwanit, 2018).
Given the potential benefits, many companies such as Amazon, Google, and Dominos
have invested in the technology (Choi et al., 2019). The growing body of research
addressing the technological challenges appears sufficient to facilitate the next round of
legislation as the FAA had approved over 50,000 waivers to Part 107 by the close of
2019 (Federal Aviation Administration, 2020). According to Federal Aviation
Administration (2020), future rounds of legislation incorporate routinely approved
waivers to current legislation. Having addressed the technological and legislative
challenges, widespread drone delivery may become reality in the United States soon.
Businesses need to know if the public intends to use the service (Yoo et al., 2018).
The literature review revealed a growing body of research on public perception,
opinion, acceptance, and attitude toward drone delivery. However, different confounds
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and constructs (Clothier et al., 2015; Herron et al., 2014; Legere, 2019; MacsweenGeorge, 2003; MacSween, 2003; Soffronoff et al., 2016; Tam, 2011; Vincenzi et al.,
2013) have been used across the various studies. A study to assess attitude toward drone
delivery or intention to use the service employing similar models or survey instruments at
two different points in time could not be found in the literature. The model proposed by
Yoo et al. (2018) is based upon DOI theory and the TAM which are both backed by vast
empirical literature. It is a secondary contribution of the present study to further develop
the Yoo et al. (2018) model and be the first to apply the similar model at two points in
time. The primary contribution of this study is to evaluate the effect of crisis on attitude
toward drone delivery. Beyond the seminal study by Pemberton (1937), diffusion
research related to crisis and its effect on acceptance or adoption of an innovation is
scarce. The focus of diffusion related crisis research, such as that of Taylor & Perry
(2005) and Wei, Bu, & Liang (2012), seems to have shifted to the diffusion of
information during a crisis rather than its effect on adoption or acceptance of an
innovation. The current crisis (COVID-19) offered a rare opportunity to explore the
Pemberton (1937) position that social crisis can result in deviations from the adoption
curve. Using the research questions, hypotheses and model presented in this chapter, the
present study evaluated the factors affecting attitudes toward drone delivery and the
effect of COVID-19. Chapter III will outline the methodology employed in this study.
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CHAPTER III
METHODOLOGY
This chapter details the methodology employed in this study. This research
investigated the factors affecting attitudes toward drone delivery and effect of the
COVID-19 pandemic (crisis). The chapter begins by providing an overview of the
research design, model and variable development, and data collection process. The
chapter proceeds by introducing the data analysis techniques. These techniques include
exploratory factor analysis, reliability and construct validity analyses and confirmatory
factor analyses before deriving the regression equations. Finally, the chapter provides an
overview of the interviews conducted to facilitate a deeper understanding of the results,
before closing with a summary.
Research Design
The purpose of this research study was to modify and to extend a previously
tested model that explains the factors affecting attitudes toward drone delivery and the
effect of COVID-19. A survey approach was used to gather public attitude data.
Previously validated questions were adopted when possible during the development of
the survey instrument (Lai & Li, 2005). In order to accomplish the research objective,
the model proposed by Yoo et al. (2018) was modified and extended by adding additional
individual characteristics and a COVID-19 moderating variable (Figure 3).2 Using a nonexperimental research design, hierarchical multiple linear regression analyses were
employed to evaluate survey data collected on a five-point Likert scale. Regression was
selected as the analysis technique because it is a generally accepted tool for testing

2

Figure 3 is provided on page 32.
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moderator effects (Helm & Mark, 2012). Additionally, hierarchical multiple regression
was the technique used in the baseline study conducted by Yoo et al. (2018). Using a
similar model and the same research approach provided the capability to compare the
pre-COVID-19 study to the current, post-COVID-19 research. The following sections
will describe the data collection process and extended model in detail.
Theoretical Model. The model (Figure 3) for this study consists of 14
independent variables divided into three categories, a moderating variable (COVID-19),
and a mediating variable (attitudes toward drone delivery) to predict intention to adopt
drone delivery. The categories are perceived attributes of an innovation (relative
advantage of speed, relative advantage of environmental friendliness, compatibility, and
complexity), perceived risks (performance risk, privacy risk and delivery risk) and
individual characteristics (age, gender, education, income, rural vs. urban, state, and
drone familiarity). The perceived attributes of an innovation were derived from the
Rogers (2003) variables that predict the rate of adoption. The perceived risk variables
were adopted from Lopez-Nicolas & Molina-Castillo (2008). The constructs in the
perceived attributes and perceived risk categories were adopted from previous research as
described below to bolster validity (Vogt et al., 2014).
Consistent with previous research (Davis, 1989), Tan & Teo (2000) found that
perceived attributes influenced intention to use an innovation. Relative advantage refers
the advantage that an adopter gains “relative” to the innovation that came before it
(Rogers, 2003). Advantages drone delivery could offer over traditional delivery methods
such as delivery trucks could be speed and environmental-friendliness (Yoo et al., 2018).
Compatibility refers to the perception of how an innovation fits into the lives of potential

42
adopters (values, needs) (Rogers, 2003). Finally, complexity refers to how easy or
difficult using an innovation is (Rogers, 2003). For example, the more complex an item
is perceived to be, the less likely it is to be adopted (Rogers, 2003).
In a national study conducted by the Office of the Inspector General on behalf of
the United States Postal Service, Soffronoff, Piscioneri, & Weaver (2016) found
malfunctions of drones to be a primary concern with drone delivery. Performance risk
refers to loss of the delivery item, damage to property, or injury resulting from a
malfunction (Yoo et al., 2018). Privacy risk is adopted from Featherman & Pavlou
(2003) and refers to the unauthorized disclosure of personal information. Delivery risk,
derived from Lopez-Nicolas & Molina-Castillo (2008), is the potential for the delivery to
encounter problems (lost, stolen, delivered to the wrong address).
Alafeef, Singh, & Ahmad (2011) held that “The demographic factors are
considered to be the most important factors that can affect the use or adoption of any new
technology” (p. 373). To explore the impact of demographics on attitude toward drone
delivery and intention to use, the demographic variables in the individual characteristics
category were added to the model. The moderating variable, COVID-19, was added to
explore the moderating effect of the crisis on attitude toward drone delivery.
Davis (1985) found attitude toward using a system to be “a major determinant of
whether or not he actually uses it” (p. 24). Therefore, the variable, attitude toward drone
delivery, was adopted from the TAM and added to the model as a mediating variable.
Davis (1985) held that “attitude toward using, in turn, is a function of two major beliefs:
perceived usefulness and perceived ease of use” (p. 24). Given that the Davis (1985)
perceived usefulness and perceived ease of use variable definitions are so closely related
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to the Rogers (2003) relative advantage and complexity variables respectively, the DOI
variables were used (Yoo et al., 2018). The dependent variable, intention to use drone
delivery, was adopted from the Davis (1985) TAM. The dependent variable from the
TAM was renamed intention to use drone delivery, which is consistent with Lee (2009).
This section has outlined the purpose of the research and provided an overview of the
model. The following section explains how the variables were developed and measured.
Variables. The questionnaire was broken down into categories as depicted in the
model (perceived attributes, perceived risks, and individual characteristics (Figure 3).
The survey included three items for each construct in the perceived attributes and
perceived risk categories. Three items were used to create the COVID-19 variable.
Composite variables were created for each of the perceived attributes, perceived risks,
and the COVID-19 construct. The composite variables were created by averaging the
three applicable survey items for each construct. A single item was used to measure each
of the individual characteristics. For example, a single item was used to assess drone
familiarity (Q41. “How familiar are you with drones? (Very Unfamiliar = ‘I have never
heard of them’; Very Familiar = ‘I have operated a done or used a drone related
service’)). Apart from the demographics, all survey items used to create the variables
were on a Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree). The
complete survey instrument is provided in Appendix B. Below is a detailed listing of the
variables followed by a description of how the moderator variables were developed.


Relative advantage of speed (relados) – The perceived speed advantage gained by
using drone delivery compared to previous delivery methods (Rogers, 2003; Tan
& Teo, 2000; Yoo et al., 2018).
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Relative advantage of environmental friendliness (reladef) – The perceived
advantage of environmentally friendliness gained by using drone delivery
compared to previous delivery methods (Rogers, 2003; Tan & Teo, 2000; Yoo et
al., 2018).



Compatibility (compat) – How an innovation fits into the lives of potential
adopters (values, needs) (Moore & Benbasat, 1991; Rogers, 2003; Yoo et al.,
2018).



Complexity (complex) – How easy or difficult using an innovation is perceived to
be (Moore & Benbasat, 1991; Rogers, 2003; Yoo et al., 2018). The complexity
items asked participants if they believed using a drone delivery service would be
easy and if they understand how to interact with drones. The questions are scaled
from 1 (Strongly Disagree) to 5 (Strongly Agree).



Performance Risk (perrisk) – The potential for loss of the delivery item, damage
to property, or injury resulting from a malfunction (M. C. Lee, 2009; Yoo et al.,
2018).



Privacy Risk (pririsk) – The potential for unauthorized disclosure of personal
information (Featherman & Pavlou, 2003; M. C. Lee, 2009; Yoo et al., 2018).



Delivery Risk (delrisk) – The potential for the delivery to encounter problems
(lost, stolen, delivered to the wrong address) (Lopez-Nicolas & Molina-Castillo,
2008; Yoo et al., 2018).



Age (age) – Age of the person taking the survey in years. Research has shown
that younger adults are more likely to use a new technology (Czaja et al., 2006).
The item scale was from 1 to 7 from youngest (18) to oldest (65 or older)
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Gender (gender) – A dichotomous variable used to describe biological gender.
(females were coded 1 and males were coded 2)



Education (educati) – Level of education of respondents. Higher levels of
education are related to more use of new technology (Czaja et al., 2006). The
item scale was from 1 to 7 with 7 being the highest level of education achieved.



Rural vs. Urban (rurvurb) – A dichotomous variable used to determine if a
participant reside in a rural or urban environment. (rural was coded 1 and urban
was coded 2).



State (U.S.A) (statenorm) – The number of COVID-19 cases in each state
normalized per 1,000 members of the population.



Drone Familiarity (dronefam) – A measure of the level of experience participants
have with drones. The item scale was from 1 (very unfamiliar) to 5 (very
familiar).



COVID-19 (covid19) – A measure of attitudes resulting from the implications of
COVID-19 (social distancing, no-contact delivery, the virus). The items scales
were from 1 to 5. For all items, 5 was the most favorable response in asking if
participants believed if drone delivery would meet their needs amidst social
distancing and no-contact delivery guidelines. The final item asked participants if
they had a more favorable attitude towards drone delivery because of COVID-19.



Attitudes toward drone delivery (attitude) – The degree to which an individual
views drone delivery as favorable or unfavorable (M. C. Lee, 2009; Yoo et al.,
2018).
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Intention to use drone delivery (intention) – The likelihood that an individual will
use drone delivery (Davis, 1985).
Moderators are variables that influence the relationship between other variables

(Helm & Mark, 2012). Moderators may influence the strength or direction of the
relationship between variables (Frazier et al., 2004). Hierarchical multiple regression
analysis is a popular method used to test moderator effects (Frazier et al., 2004; Helm &
Mark, 2012). In preparing the variables for regression, an interaction term was
developed. The interaction term was created by first standardizing (centering) the
independent variables and the interaction variable (covid19). Each standardized
independent variable was then multiplied by the standardized covid19 variable to create
the interaction term (Helm & Mark, 2012). The result is the moderator variables. The
moderator variables are named by first listing the independent variable, the character x,
followed by covid19. For example: reladosxcovid19. This section has explained
development of the variables. The chapter proceeds to describe the data analysis methods
applied.
Descriptive Statistics and Demographics
Evaluating descriptive statistics is a fundamental element of data analysis (Fisher
& Marshall, 2009; Kaur et al., 2018). Descriptive statistics assist in organizing and
preparing data for further statistical analysis (Fisher & Marshall, 2009; Kaur et al., 2018;
Marshall & Jonker, 2010). A common measure of central tendency for Likert data is the
mode (Fisher & Marshall, 2009; Kaur et al., 2018; Marshall & Jonker, 2010). When the
scale is odd numbered, such as the 5 and 7 point scales used in the current and Yoo et al.
(2018) studies, the mode is the middle number (Kaur et al., 2018). The mean and
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standard deviation is typically not reported for ordinal data since it is not normally
distributed (Fisher & Marshall, 2009; Kaur et al., 2018). However, since these statistics
were reported by Yoo et al. (2018), the mean and standard deviation are also reported in
Chapter IV for the data used in the current study.
Reporting demographics facilitates replicability in future studies (Sifers et al.,
2002). This is demonstrated in the present study as the demographics for both the current
research and Yoo et al. (2018) are compared side-by-side. Age and gender are two of the
most commonly reported demographics in research (Sifers et al., 2002). Additionally,
education, income, and living area are reported for both studies. Despite use of the same
platform (MTurk) to collect survey data, in the current and Yoo et al. (2018) studies,
Chapter IV outlines some differences between the samples. The next section will explain
the procedures used during the correlation analysis.
Correlation Analysis
Correlation analysis identifies the relationship and associated strength between
items or variables in a dataset (Akoglu, 2018; Chan, 2003; de Winter et al., 2016; Hauke
& Kossowski, 2011; Mukaka, 2012; Schober et al., 2018). The two commonly used
coefficients in assessing correlation are the Pearson’s product moment correlation
coefficient (Pearson’s r) and the Spearman’s rank correlation coefficient (Spearman’s
rho) (Akoglu, 2018; Mukaka, 2012). Pearson’s r is used to explore correlation among
data that is normally distributed (Akoglu, 2018; Chan, 2003; de Winter et al., 2016).
Spearman’s rho should be used to analyze ordinal data (Akoglu, 2018; Hauke &
Kossowski, 2011; Schober et al., 2018). Spearman’s rho is used to assess the Likert
items and variables in this study.
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Researchers agree on the extremes of the correlation coefficient which are 0 (no
correlation) to +/-1 (perfect correlation) (Chan, 2003; Dancey & Reidy, 2020; Schober et
al., 2018). However, there is no clear rule on what may be considered negligible, poor,
fair, moderate strong or very strong (Akoglu, 2018; Chan, 2003). Chan (2003) cited less
than .3 as poor, .3 to .5 as fair, .6 to .8 as moderately strong and .8 or higher as a very
strong relationship. The scale outlined by Dancey & Reidy (2020) showed less than .3 to
be weak, .4 to .5 to be moderate, and greater than .6 to be a strong relationship. Schober
et al. (2018) proposed 1 to .1 as negligible correlation, .1 to .39 as weak, .4 to .69 as
moderate, .7 to .89 as strong, and .9 or greater as very strong correlation. These scales
have been widely applied across published research (Akoglu, 2018; Schober et al., 2018).
For simplicity, rather than referencing each individual scale, the Chan (2003) correlation
scale will be used to interpret correlation in the current study.
In addition to the correlation coefficient (Spearman’s rho) the p-value should be
reported (Akoglu, 2018; Schober et al., 2018). The p-value is derived from a t-test with a
null hypothesis that the Spearman’s rho (or Pearson’s r) is 0 (Schober et al., 2018). The
p-value and Spearman’s rho should be interpreted together (Akoglu, 2018; Schober et al.,
2018). Interpreting the p-value alone is not useful in determining the strength of the
relationship (Schober et al., 2018). Both the Spearman’s rho and p-value are reported
and interpreted in Chapter IV. This section explained the procedures and scales that were
applied in the correlation analysis. The next section begins the discussion of replicating
the Yoo et al. (2018) study, starting with variable development through exploratory factor
analysis.
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Exploratory Factor Analysis
Once the data was collected, it was exported to SAS statistical software for
analysis. Then, an exploratory factor analysis (EFA) starting with a Principal Component
Analysis (PCA) was conducted. PCA is a popular multivariate data reduction technique
(Abdi & Williams, 2010; Wold et al., 1987). PCA extracts, retains and simplifies the
most important information for analysis (Abdi & Williams, 2010; Wold et al., 1987;
Yong & Pearce, 2013). The PCA included all of the items adopted from the Yoo et al.
(2018) study. Three items each were adopted to measure the relative advantage of speed,
relative advantage of environmental friendliness, compatibility, complexity, performance
risk, privacy risk and delivery risk.
Following the PCA, a factor analysis was conducted. Factor analysis is a
technique of determining relationships between items and summarizing them in a way
that can be interpreted (Thompson, 2004; Yong & Pearce, 2013). During the analysis,
survey items load onto factors that share a common variance (Thompson, 2004; Yong &
Pearce, 2013). These factors are unobserved, latent constructs that represent the variables
(Thompson, 2004; Yong & Pearce, 2013). Varimax rotation, as used by Yoo et al.
(2018), is an orthogonal rotation requiring rotated factors to remain uncorrelated
(Thompson, 2004). Varimax rotation was also employed in the current study. This
chapter proceeds by outlining measures of reliability and construct validity before
proceeding to confirmatory factor analysis.
Reliability, Convergent and Discriminate Validity
Reliability refers to an instrument’s ability to reproduce similar results, ceteris
paribus (Roberts & Priest, 2006). Cronbach’s Alpha represents the proportion of the
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variance accounted for by including all items (Cronbach, 1951) and is commonly used to
test reliability (Peterson & Kim, 2013; Raykov & Grayson, 2003). Cronbach’s Alpha is
used to measure internal consistency (Henson, 2001). On a scale of zero to one, internal
consistency is higher for those items that have a Cronbach’s Alpha closer to one (Gliem
& Gliem, 2003). Internal consistency assesses the ability of scale items to measure a
construct (Henson, 2001). Put simply, “If a test has substantial internal consistency, it is
psychologically interpretable” (Cronbach, 1951, p. 320). A Cronbach’s Alpha of 0.70 or
greater indicates sufficient reliability (Nunnally, 1978).
Another measure of internal consistency is composite reliability (Peterson & Kim,
2013). Composite reliability is often referred to as true reliability (Peterson & Kim,
2013). The difference between Cronbach’s Alpha and composite reliability is often
minor (Peterson & Kim, 2013). However, some researchers hold that composite
reliability is the better, non-biased measure of internal consistency (Peterson & Kim,
2013). The formula for composite reliability is derived in Equation 1 below:
𝐾𝑗

𝜌𝑐𝜀𝑗 =

(∑𝑘=1 𝜆𝑗𝑘 )2
𝐾𝑗

2

(1)

(∑𝑘=1 𝜆𝑗𝑘 ) + ⊝𝑗𝑘

where:
Kj = The number of items in construct εj.
λjk = The factor loadings.
⊝jk = The error variance of the kth item (k = 1, …, Kj) of construct εj.
A third measure of reliability is average variance extracted. Average variance
extracted is useful in determining the variance contributed by the construct, versus the
variance contributed by measurement error (Farrell, 2010; Farrell & Rudd, 2009; Fornell
& Larcker, 1981). An average variance extracted of 0.5 or higher is acceptable and
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indicates that the construct contributes at least 50% of the variance (Fornell & Larcker,
1981). The formula for average variance extracted is derived in Equation 2 below:
𝐾𝑗

𝐴𝑉𝐸𝜀𝑗 =

∑𝑘=1 𝜆2𝑗𝑘
𝐾𝑗

(∑𝑘=1 𝜆2𝑗𝑘 )+ ⊝𝑗𝑘

(2)

where:
Kj = The number of items in the construct
λjk = The factor loadings
⊝jk = The error variance of the kth item (k = 1, …, Kj) of construct εj
Construct Validity
Convergent and discriminate validity should be established to ensure accurate
measurement scales (Farrell & Rudd, 2009). Convergent validity is the extent that
multiple items explain the same construct (Carlson & Herdman, 2012). According to
Fornell & Larcker (1981), convergent validity can be evaluated using average variance
extracted together with composite reliability. Convergent validity is sufficient when the
average variance extracted is .5 or greater and composite reliability is .7 or greater
(Fornell & Larcker, 1981). More recently, researchers have defined discriminant validity
as follows:
Discriminant validity is the extent to which latent variable A discriminates from
other latent variables (e.g., B, C, D). Discriminant validity means that a latent
variable is able to account for more variance in the observed variables associated
with it than a) measurement error or similar external, unmeasured influences; or
b) other constructs within the conceptual framework. (Farrell & Rudd, 2009, p. 2)
Now that discriminant validity has been defined, this paragraph continues by
explaining how to test for it. A method proposed by Fornell & Larcker (1981) is
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commonly used to assess discriminate validity (Farrell, 2010; Farrell & Rudd, 2009).
Fornell & Larcker (1981) found that discriminate validity can be evaluated by comparing
average variance extracted to the shared variance between constructs (Fornell & Larcker,
1981). Shared variance is calculated as the square of the correlation between two
constructs (Farrell, 2010). If the average variance extracted for a construct is greater than
the shared variance between the construct evaluated and every other individual construct,
then the discriminate validity requirements are satisfied (Farrell, 2010; Fornell &
Larcker, 1981).
Confirmatory Factor Analysis
Following the EFA, a confirmatory factor analysis (CFA) was conducted. CFA is
a type of structural equation modeling (SEM) where the researcher seeks to minimize the
difference between estimated and observed variance-covariance matrices (Brown &
Moore, 2012; Schreiber et al., 2006). According to Thompson (2004), “CFA explicitly
and directly tests the fit of factor models” (p. 6). The CFA was conducted to validate
scales from the extended and modified Yoo et al. (2018) model (Jackson et al., 2009).
CFA uses several statistics to determine model fit (Suhr, 2006; Thompson, 2004).
Common fit measures include the Chi-square, Root Mean Square Error of Approximation
(RMSEA), Tucker-Lewis index (TLI), and comparative fit index (CFI) (Brown & Moore,
2012; Suhr, 2006; Thompson, 2004). The Chi-square test has been reported many times
throughout the history of CFA research (Marsh et al., 1988). Although use is still
common, Bentler & Bonett (1980) argued against using the Chi-square as a CFA fit
statistic due to the potential to reject acceptable models in large samples. All the CFA fit
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measures described in this paragraph were considered in the current study. This chapter
continues with a discussion on regression analysis before closing with a summary.
Regression Analysis
Multiple linear regression equations were developed to test H1-H12. There has
been disagreement over the last century on the application of multiple linear regression to
analyze Likert data (Havlicek & Peterson, 1977; Kuzon et al., 1996; Norman, 2010).
One side of the argument is that Likert data is ordinal and, therefore, parametric tests
should not be applied (Kuzon et al., 1996). On the other hand, researchers argue that the
Pearson R is robust against linear regression assumptions (Havlicek & Peterson, 1976,
1977; Norman, 2010). Although Likert data does not meet the normality assumptions of
linear regression, researchers have found extreme violations of this assumption to have
minimal impact on the outcome (Havlicek & Peterson, 1976; Norman, 2010; Zumbo &
Ochieng, 2002). Using linear regression to analyze Likert data is a common practice
(Norman, 2010; Russell & Bobko, 1992; Yoo et al., 2018). The remaining regression
assumption of random sampling, as explained in the data collection process section of
this chapter, has been met. The data also meets the linear regression multicollinearity
assumption (Table 8). The regression equations are outlined below before proceeding to
the next section to describe the interviews. The regression equations are derived in
Equations 3-5:
(3)
𝑎𝑡𝑡𝑖𝑡𝑢𝑑𝑒 = 𝛽0 + 𝛽1 𝑎𝑔𝑒 + 𝛽2 𝑒𝑑𝑢𝑐𝑎𝑡𝑖 + 𝛽3 𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽4 𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽5 𝑟𝑢𝑟𝑣𝑢𝑟𝑏 + 𝛽6 𝑠𝑡𝑎𝑡𝑒𝑛𝑜𝑟𝑚
+ 𝛽7 𝑑𝑟𝑜𝑛𝑓𝑎𝑚 + 𝛽8 𝑟𝑒𝑙𝑎𝑑𝑜𝑠 + 𝛽9 𝑟𝑒𝑙𝑎𝑑𝑒𝑓 + 𝛽10 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 + 𝛽11 𝑝𝑒𝑟𝑟𝑖𝑠𝑘 + 𝛽12 𝑝𝑟𝑖𝑟𝑖𝑠𝑘
+ 𝛽13 𝑐𝑜𝑣𝑖𝑑19

(4)

54
𝑎𝑡𝑡𝑖𝑡𝑢𝑑𝑒 = 𝛽0 + 𝛽1 𝑎𝑔𝑒 + 𝛽2 𝑒𝑑𝑢𝑐𝑎𝑡𝑖 + 𝛽3 𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽4 𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽5 𝑟𝑢𝑟𝑣𝑢𝑟𝑏 + 𝛽6 𝑠𝑡𝑎𝑡𝑒𝑛𝑜𝑟𝑚
+ 𝛽7 𝑑𝑟𝑜𝑛𝑓𝑎𝑚 + 𝛽8 𝑟𝑒𝑙𝑎𝑑𝑜𝑠 + 𝛽9 𝑟𝑒𝑙𝑎𝑑𝑒𝑓 + 𝛽10 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 + 𝛽11 𝑝𝑒𝑟𝑟𝑖𝑠𝑘 + 𝛽12 𝑝𝑟𝑖𝑟𝑖𝑠𝑘
+ 𝛽13 𝑐𝑜𝑣𝑖𝑑19 + 𝛽14 𝑎𝑔𝑒𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽15 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽16 𝑖𝑛𝑐𝑜𝑚𝑒𝑥𝑐𝑜𝑣𝑖𝑑19
+ 𝛽17 𝑔𝑒𝑛𝑑𝑒𝑟𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽18 𝑟𝑢𝑟𝑣𝑢𝑟𝑏𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽19 𝑠𝑡𝑎𝑡𝑒𝑛𝑜𝑟𝑚𝑥𝑐𝑜𝑣𝑖𝑑19
+ 𝛽20 𝑑𝑟𝑜𝑛𝑓𝑎𝑚𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽21 𝑟𝑒𝑙𝑎𝑑𝑜𝑠𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽22 𝑟𝑒𝑙𝑎𝑑𝑒𝑓𝑥𝑐𝑜𝑣𝑖𝑑19
+ 𝛽23 𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽24 𝑝𝑒𝑟𝑟𝑖𝑠𝑘𝑥𝑐𝑜𝑣𝑖𝑑19 + 𝛽25 𝑝𝑟𝑖𝑟𝑖𝑠𝑘𝑥𝑐𝑜𝑣𝑖𝑑19
+ 𝛽26 𝑐𝑜𝑣𝑖𝑑19𝑥𝑐𝑜𝑣𝑖𝑑19

(5)
𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛 = 𝛽0 + 𝛽1 𝑎𝑔𝑒 + 𝛽2 𝑒𝑑𝑢𝑐𝑎𝑡𝑖 + 𝛽3 𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽4 𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽5 𝑟𝑢𝑟𝑣𝑢𝑟𝑏 + 𝛽6 𝑠𝑡𝑎𝑡𝑒𝑛𝑜𝑟𝑚
+ 𝛽7 𝑑𝑟𝑜𝑛𝑓𝑎𝑚 + 𝛽8 𝑟𝑒𝑙𝑎𝑑𝑜𝑠 + 𝛽9 𝑟𝑒𝑙𝑎𝑑𝑒𝑓 + 𝛽10 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 + 𝛽11 𝑝𝑒𝑟𝑟𝑖𝑠𝑘 + 𝛽12 𝑝𝑟𝑖𝑟𝑖𝑠𝑘
+ 𝛽13 𝑐𝑜𝑣𝑖𝑑19 + 𝛽14 𝑎𝑡𝑡𝑖𝑡𝑢𝑑𝑒

Interviews
Qualitative interviews can add to a deeper understanding of attitudes, perspectives
and beliefs than survey data alone (Gill et al., 2008; Mathers et al., 1998; Peters &
Halcomb, 2015). Following the survey administered in this study, a round of interviews
was conducted to assist in interpreting the results. Interviews are often used together
with, and helpful in clarifying survey data (Gill et al., 2008; Mathers et al., 1998). The
structured interviews were comprised of demographics and 11 questions that were
administered to 10 adults (5 male and 5 female), aged 18 and over in the United States.
The sample was selected through the process of purposeful sampling (deMarrais &
Lapan, 2003; DiCicco‐Bloom & Crabtree, 2006). This method is an iterative process to
assure a heterogeneous sample that maximizes depth and richness while representing the
general population (DiCicco‐Bloom & Crabtree, 2006). Initially, potential participants
were contacted through email. The email addresses of potential participants were
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acquired through network selection using the Embry-Riddle Aeronautical University
directory and referral though professional and personal contacts (deMarrais & Lapan,
2003). The email stated the purpose of the research and included a single question:
“Would you please participate in a 30-minute video interview to be used in a study on
attitudes toward drone delivery?” Respondents were selected to ensure the sample
represented depth in the range of drone experience, education, income, and gender
(DiCicco‐Bloom & Crabtree, 2006). These respondents ranged from university
professors of Embry-Riddle Aeronautical University to dental assistants. It took 63 days
to achieve 10 interviews following the initial invitation email sent on February 12th, 2021.
A second duplicate email was sent after 30 days. Once a response was received from
potential participants, the researcher organized structured interviews via Zoom and
telephone.
The researcher conducted individual interviews via Zoom videoconferencing
software and traditional telephone conferencing. Structured interviews allow researchers
to ask each participant the same schedule of questions (Gill et al., 2008; Mathers et al.,
1998). The interviews were conducted one at a time using Zoom videoconferencing
software and via telephone. The interviews were recorded via Zoom when interviewees
approved. Participants were from nine different states and ranged from those considered
to be experts with UAS technology to those who considered themselves unfamiliar with
the concept. The purpose of the interviews was to provide a deeper understanding of the
hypothesis testing results, assist in understanding the exploratory factor analysis results,
and identify factors that have had the greatest influence on attitudes towards drone
delivery. Additionally, the interviews were employed to identify concerns with drone
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delivery and determine if the benefits outweigh the risks or the risks outweigh the
benefits. A chapter summary is provided in the next section.
Summary
This chapter outlined the methodology for the present research study. First, the
chapter described the data collection approach, model and variables used to evaluate
attitudes toward drone delivery. Next, the exploratory and confirmatory factor analyses
were explained. Internal consistency was used to measure reliability of the constructs.
Composite variables were then created from the survey items. Interaction terms were
created to test the moderating effect of COVID-19. The interaction terms are the product
of the COVID-19 item and each of the independent variables. Finally, the regression
equations were derived, and the interviews were introduced before closing the chapter.
The next chapter will explain the analysis results.
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CHAPTER IV
RESULTS
This chapter outlines the results of the study. The goal of the study was to
analyze the factors affecting attitudes towards drone delivery and the moderating effect of
COVID-19. The model proposed for this study is an extended and modified version of
the model proposed by Yoo et al. (2018). This chapter proceeds by describing the
descriptive statistics before explaining the exploratory factor analysis, reliability analysis,
and confirmatory factor analysis results. Following the confirmatory factor analysis, the
regression results are provided. Three regression equations were developed to
accomplish the research objective. The first regression equation is used to analyze the
factors affecting attitudes towards drone delivery. The second regression is used to
evaluate the moderating effect of COVID-19. The third and final regression model uses
attitude as an independent variable to analyze how these variables affect intention to
adopt drone delivery. The model is displayed in Figure 3. Before closing with a
summary, the interview findings are discussed.
Descriptive Statistics and Demographics
There were 1,067 total surveys submitted. After removing five surveys that had
the dummy question answered incorrectly, 1,062 responses remained for analysis
(99.5%). Surveys were submitted from 49 of the 50 United States. Wyoming is the only
state that did not have representation by survey respondents. Table 1 shows a
demographic distribution of the samples used in the present research and the Yoo et al.
(2018) study. The present had higher percentages of participation in each of the
education tiers at the bachelor’s degree and higher levels. However, when comparing the
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samples between the current and previous studies, respectively, 95% and 91% of
participants had at least some college. The current study found 54% of respondents to
earn $50,000 or more, compared to 42% in the previous study. The current study had
higher participation from males compared to Yoo et al. (2018). The gender distribution
for males and females for the current study are 61.6% and 38.4% respectively, while the
male and female distribution of the Yoo et al. (2018) sample is 53.7% and 46.3%
respectively. According to 2019 census data, males represented 49% of the U.S.
population and females represented 51% (U.S. Census Bureau, 2019). Rural vs. Urban
was a dichotomous item in the survey for the present study. Yoo et al. (2018) broke the
rural living area down further to: a town or suburban area (115 / 38.9%), small town (36 /
12.2%), and a remote area (1 / 0.3%). However, Yoo et al. (2018) later combined all of
the rural options into a single rural category. The present study simply asked survey
participants if they lived in a rural or urban area. The descriptive statistics for all survey
items are in Table 2. The exploratory factor analysis follows this section.
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Table 1
Demographics
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Table 2
Descriptive Statistics – All Survey Items

Correlation Analysis
A correlation table of all survey items except for demographics is provided in
Table 3. A correlation analysis revealed that replicating the Yoo et al. (2018) model
through exploratory factor analysis would be troublesome. All the items in the perceived
attributes category have a positive relationship and are significantly correlated with each
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other at the p<.0001 level. Additionally, except for Complexity1, all the items in the
perceived attributes category are correlated with a Spearman’s rho (rs) ranging between .3
and .6. An rs of .3 to .6 is considered fair to moderately strong correlation on the Chan
(2003) scale. The rs for Complexity1 is between .3 and .4 for all the perceived attributes
items except RAS1 (.24), RAS2 (.27), and RAE3 (.24). Less than .3 is considered poor
according to Chan (2003). Similarly, all the items in the perceived risk category are
significantly correlated at the p<.0001 level. All of the items in the perceived risk
category have a positive relationship and are correlated fair to moderately strong with a rs
ranging between .4 and .7 (Chan, 2003). Both COVID items are significantly correlated
with each other and all the items in the perceived attributes category at the p<.0001 level.
Both COVID items show fair correlation between each other and all the perceived
attributes with a rs ranging between .3 and .5 (Chan, 2003).
There are no items between the perceived risk and perceived attributes categories
correlated with a rs greater than .2. Complexity1 is the only item from the perceived
attributes category that correlates positively (or negatively) with any items in the
perceived risk category with a significance level of p <.0001. Complexity1 has a
positive, statistically significant relationship with all the perceived risk items at p <.0001.
Complexity1 is also the only item from the perceived attributes category to show
correlation between any of the risk items with an rs that exceeds .1. Having already noted
the relationship between Complexity1 and the perceived risk items, all other significant
relationships at the p = .05 and p <.0001 levels between the perceived risk and perceived
attributes items will be outlined. PFR1 has a positive relationship with RAE2 (rs = .06, p
=.05), and RAE3 (rs = .07, p =.03). PFR2 has a negative relationship with ATT1 (rs = -
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.07, p =.02), ATT2 (rs = -.09, p =.003), INT1 (rs = -.08, p =.008), INT3 (rs = -.08, p
=.009), RAS1 (rs = -.92, p =.003), RAS3 (rs = -.06, p =.04), RAE1 (rs = -.07, p =.03),
Compatibility1 (rs = -.07, p =.03), and Compatibility3 (rs = -.09, p =.004). PFR3 has a
positive relationship with RAE3 (rs = .08, p =.01) and Complexity2 (rs = .09, p =.003).
PVR2 has a negative relationship with RAS1 (rs = -.07, p =.027) and RAS3 (rs = -.06, p
=.05). PVR3 has a negative relationship with RAS1 (rs = -.08, p =.009), RAS3 (rs = -.07,
p =.03), and Compatibility1 (rs = -.06, p =.051). DLR1 has a negative relationship with
ATT2 (rs = -.06, p =.068) and INT1 (rs = -.05, p =.093). DLR 1 also has a positive
relationship with RAS2 (rs = .08, p =.015) and RAS3 (rs = .08, p =.007). DLR2 has a
positive relationship with RAS2 (rs = .07, p =.019) and RAS3 (rs = .09, p =.005). DLR3
has a negative relationship with RAS1 (rs = -.12, p =.0001) and a positive relationship
with Complexity2 (rs = .07, p =.024).
Like the relationships between the perceived attributes and perceived risk items,
correlation between the COVID items and perceived risk items are either not statistically
significant or weak. COVID1 has no statistically significant relationship with any of the
perceived risk items at the p =.05 level. COVID2 has a positive relationship with PFR1
(rs = .11, p =.0003), PFR3 (rs = .11, p =.0002), PVR1 (rs = .15, p <.0001), PVR2 (rs = .14,
p <.0001), PVR3 (rs = .12, p <.0001), DLR1 (rs = .12, p =.0002), DLR2 (rs = .16, p
<.0001), and DLR3 (rs = .12, p =.0001). As can be seen in Table 3 and above, none of
the relationships between COVID2 and the perceived risk items achieve a rs of .2.
Therefore, the correlation between COVID2 and the perceived risk items is poor (Chan,
2003).
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In summarizing the correlation analysis, except for Complexity1, all the items
within the perceived attributes category are positively correlated with fair to moderately
strong relationships. Similarly, all the items within the perceived risk category are
positively correlated with a fair to moderately strong relationship. The correlation begins
to weaken as correlation between items is compared across categories. Both COVID
items have a positive and fair correlation with each other and all the perceived attribute
items. COVID1 has no statistically significant correlation with any of the perceived risk
items. COVID2 has positive and poor correlation with all the risk items except for PFR2
which is not statistically significant. Correlation between items in the perceived risk and
perceived attributes categories were sometimes found to be negative or positive. Only
11% of relationships between the perceived attributes items and perceived risk items
were found to be statistically significant at the p =.05 or higher significance levels.
Excluding the COVID items since they were not used in the Yoo et al. (2018) study, the
correlation analysis of items revealed two distinct dimensions. These dimensions are
perceived attributes and perceived risk. This section has detailed the results of the
correlation analysis of all the survey items except for demographics. The next section
begins the discussion on attempts to replicate the Yoo et al. (2018) model starting with
principal component analysis.
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Table 3
Correlation Table of Survey Items
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Exploratory Factor Analysis
Principal Component and Factor Analysis
The PCA results revealed that only three principal components had eigenvalues
greater than one (Table 4). Eigenvalues greater than one ensure that the component has
contributions from at least two items (Wold et al., 1987). A common practice is the
Kaiser’s criterion, which holds that those components with eigenvalues greater than one
should be retained (Abdi & Williams, 2010; Yong & Pearce, 2013). The third principal
component in the current study was comprised of secondary loadings or “split loadings”
(Yong & Pearce, 2013, p. 84). Secondary loadings are those items that load at or greater
than 0.32 on two or more components (Costello & Osborne, 2005; Yong & Pearce,
2013). These loadings were inconsistent with Yoo et al. (2018). Yoo et al. (2018)
reported having to delete all items related to compatibility and delivery risk due to weak
and secondary loadings. Following deletion of the compatibility and delivery risk items,
Yoo et al. (2018) found that the remaining items loaded onto five components (relative
advantage of speed, relative advantage of environmental friendliness, complexity,
performance risk and privacy risk). These loadings could not be replicated using PCA in
the current study. PCA is often followed by a factor analysis (Yong & Pearce, 2013). A
second attempt to replicate the Yoo et al. (2018) loadings was made using factor
analysis.
Using the same items as described in the current study’s PCA above, the items
again loaded onto three factors with eigenvalues greater than one. Similarly, the third
factor was made up of secondary loadings. Following the varimax rotation, survey items
remained loaded onto three factors, with the third factor made up of secondary loadings
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and one complexity item (Table 5). After removing one complexity item, the remaining
items loaded onto two factors. All items from the perceived attributes category loaded
onto Factor 1 and all perceived risk items loaded onto Factor 2 (Table 6). There were no
secondary loadings greater than 0.06. The two factors accounted for 54.36% of the
variance.
These loadings differ from Yoo et al. (2018), as the researchers reported having to
delete the compatibility construct due to weak first loadings and secondary loadings for
items one and three. As noted in Table 6, all three compatibility items in this study had
loadings of 0.7 or greater and should be retained (Hair et al., 1998). Yoo et al. (2018)
also reported having to delete the delivery risk construct due to weak first loadings. As
noted in Table 6, the present study found all three delivery risk items to have loadings of
greater than 0.7. After removing the delivery risk and compatibility constructs, Yoo et
al. (2018) reported the remaining items loaded distinctly onto the five remaining
constructs (relative advantage of speed, relative advantage of environmental friendliness,
complexity, performance risk, and privacy risk). As noted above, the current study found
only two distinct constructs to emerge. All those items related to the perceived attributes
loaded onto Factor 1 (relative advantage of speed, relative advantage of environmental
friendliness, compatibility, and complexity), and all those items related to perceived risk
loading onto Factor 2 (performance risk, privacy risk and delivery risk) (Table 6).

67
Table 4
Principal Components

68
Table 5
Factor Loadings – Varimax Rotation

69
Table 6
Factor Loadings – Varimax Rotation after removing one complexity item
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There are several possible reasons the factor analysis in the current study failed to
replicate the factor loadings of Yoo et al. (2018). While the current study used the same
platform (MTurk) to gather survey responses as Yoo et al. (2018), the difference in
sample size is worth highlighting. The sample size used by Yoo et al. (2018) was 296
after removing 4 respondents that answered the dummy question incorrectly. Comrey &
Lee (2013) offered the following sample size scale for factor analysis in achieving
adequate reliability of correlation coefficients: “50 – very poor; 100 – poor; 200 – fair;
300 – good; 500 – very good; and 1,000 or more – excellent” (p. 217). “Although
evidence indicates improved stability in factor solutions as the sample size approaches
2,000, little is likely gained beyond 1,000” (Comrey & Lee, 2013, p. 217). The sample
size used in the present study is more than three times that of the Yoo et al. (2018) and
meets the excellent sample size criterion proposed by Comrey & Lee (2013). In addition
to size, some other differences in the sample used in the current study, compared to Yoo
et al. (2018), are worth noting. First, 4% more participants in the current sample had at
least some college. Second, 12% more participants reported earning $50,000 or more in
the current sample. Finally, although the gender distribution of both studies differs from
that of the U.S. (49% male, 51% female) as reported by U.S. Census Bureau (2019), the
current sample has 8% more male participants (Table 1). This paragraph has explained
differences in sample size that may have contributed to the different factor loading
between the current and Yoo et al. (2018) studies. The next paragraph discusses survey
item correlation and the findings of previous research.
The correlation between items within each of the perceived attributes and
perceived risk categories show that replicating the Yoo et al. (2018) factor analysis
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loadings may be challenging. A correlation table of the survey items from the current
study is provided in Table 3. A correlation table of the variables, but not the individual
items is provided in the Yoo et al. (2018) paper. All the items within the perceived
attributes category were positively correlated with a fair to moderately strong relationship
(Chan, 2003). The finding of the current study that all of the perceived attribute items
loaded onto the same category is not in contrast to extant literature (Liao, 2005; Moore &
Benbasat, 1991; Wei et al., 2012). The rate of adoption model refers to relative
advantage in general. The model does not further break the variables down into a
specific relative advantage such as speed and environmental friendliness (Figure 2)
(Rogers, 2003). Further, previous research, using factor analysis, has found compatibility
to load onto the same factor as relative advantage (Liao, 2005; Moore & Benbasat, 1991).
Complexity has also been found to not emerge as a distinct construct through factor
analysis (Moore & Benbasat, 1991). The correlation of items in the risk category were
like the perceived attributes. All of the risk items were positively correlated with a
relationship strength of fair to moderately strong (Chan, 2003). A potential reason for the
items loading to the same factor may be that the items were perceived to be asking about
the same concept (Liao, 2005; Moore & Benbasat, 1991). Also, it is possible that the
items did not successfully discriminate between attributes of the intended constructs
(Emani et al., 2012; Liao, 2005; Moore & Benbasat, 1991). In the case of the current
study, the item correlation table (Table 3) and factor analysis (Table 6) reveals that
participants perceived they were being asked about two constructs: risk and relative
advantage. Following these findings, a round of interviews was conducted to gain
additional insight into potential reasons why the two factors emerged in the current study.
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The interview results will be covered later in this chapter. This paragraph discussed how
correlation analysis of the survey items supports the two factors that emerged in the
factor analysis of the current study. Additionally, the paragraph highlighted similar
factor loading findings in previous research. The next paragraph outlines how this study
will continue with using the modified and extended Yoo et al. (2018) five factor model.
In order to enable comparison of the findings of the current study to those of Yoo
et al. (2018), the five distinct constructs they employed will again be used in this study.
Therefore, delivery risk and compatibility have been removed. After deletion of the
compatibility construct, compatibility1 was repurposed to being an element of the
covid19 composite variable. The compatibility1 item was positively correlated (fair) with
both COVID1 and COVID2 at (rs = .5, p <.0001) and (rs = .4, p <.0001) respectively.
This increased the number of items used to create the covid19 variable from 2 items to 3.
The covid19 variable has been added to the model to evaluate the direct and moderating
effects of the pandemic. Table 7 depicts the descriptive statistics for the variables that
were retained in the current study. Each of the retained perceived risk and perceived
attributes variables are composites of three survey items. This chapter proceeds by
presenting the results of the correlation, reliability, validity, and confirmatory factor
analyses for the modified and extended Yoo et al. (2018) model.
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Table 7
Variable Descriptive Statistics

Variable Correlation Analysis
A correlation table of all variables is provided in Table 8. All 3 variables within
the perceived attributes are positively correlated, moderately strong (Chan, 2003) at p
<.0001 with a rs of .6. The two risk variables in the perceived risk category are correlated
positively and moderately strong at p <.0001 with a rs of .7. Analyzing correlation
between the two categories revealed that perrisk is positively correlated with complex (rs
= .07, p = .018). Additionally, pririsk has a negative relationship with relados (rs = -.07,
p = .017) and a positive relationship with complex (rs = .09, p = .003). Although the
relationships identified between the variables across the two categories are statistically
significant at p = <.05, the strength of the correlation is poor (Chan, 2003). The covid19
variable has a positive and moderately strong relationship with all the variables in the
perceived attributes category with a rs between .6 and .7 and p <.0001. This relationship
is maintained with the attitude and intention variables. In fact, all the perceived attribute
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variables, covid19, attitude and intention are positively correlated, moderately strong
with a rs between .6 and .7 and p <.0001. The covid19 variable has no statistically
significant relationship with the risk variables. The risk variables have no statistically
significant relationship with attitude. A poor, negative relationship exists between
perrisk and intention (rs = -.06, p = .052). This paragraph has explored the correlation
among and between the perceived attributes and perceived risk categories. Additionally,
correlation between covid19, attitude, intention and the two categories were identified.
The next paragraph will identify relationships between the demographics and all other
variables.
When assessing correlation with demographics, age was found to have a poor,
positive relationship with education (rs = .1, p = .001) and poor, negative relationship
with dronefam (rs = -.09, p = .002). The relationship between educati and income is fair
and positive (rs = .3, p < .0001). Additionally, educati was positively correlated, although
the strength was poor, with dronefam (rs = .2, p < .001), complex (rs = .1, p = .0004),
perrisk (rs = .2, p <.0001), pririsk (rs = .2, p <.0001), covid19 (rs = .1, p = .0001), attitude
(rs = .09, p = .003) and intention (rs = .07, p = .034). Income is positively correlated with
rurvurb (rs = .09, p = .004) (scaled as rural = 1, urban = 2) and negatively correlated with
perrisk (rs = -.1, p = .0003) and pririsk (rs = -.1, p <.0001). Gender has a poor, negative
relationship with dronefam (rs = -.09, p = .003) (scaled as female = 1, male = 2). A
positive, poor relationship is identified between rurvurb and relados (rs = .1, p = .001),
and intention (rs = .03, p = .031). Additionally, a negative, poor relationship is identified
between rurvurb and perrisk (rs = -.1, p = .0002) and pririsk (rs = -.1, p <.0001).
Dronefam has poor, positive relationship with relados (rs = .2, p <.0001), reladef (rs = .2,
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p <.0001), perrisk (rs = .1, p <.0001), and pririsk (rs = .2, p <.0001). Additionally,
dronefam has a fair, positive relationship with complex (rs = .4, p <.0001), covid19 (rs =
.3, p <.0001), attitude (rs = .3, p <.0001), and intention (rs = .1, p <.0001). This paragraph
identified the relationships between the variables including demographics. The next
paragraph summarizes the section.
In summary, correlation between variables in their respective categories
(perceived attributes and perceived risk) was found to be moderately strong. As stated
earlier, this finding is similar to that of the correlation analysis of the individual survey
items of the present study and is consistent with previous research (Liao, 2005; Moore &
Benbasat, 1991). Assessing the relationships between categories revealed complexity to
be positively correlated with both perrisk and pririsk and pririsk to be negatively related
to relados. Existing research has shown complexity to have week loadings or fail to
emerge as a distinct construct (Moore & Benbasat, 1991; Yoo et al., 2018). In all three
relationships identified between the categories the strength is poor. While there are no
statistically significant relationships between covid19 and the perceived risk variables,
covid19 has a moderately strong, positive relationship with all three of the perceived
attributes, attitude, and intention. One risk variable, perrisk, has a poor, negative
relationship with intention. Several relationships were identified between each of the
demographics and other variables in the model. Age has a positive relationship with
educati and a negative relationship with dronefam. The strength of the relationships with
age are poor. The negative correlation with age and drone familiarity is consistent with
extant research (Rogers, 2003). Diffusion literature has found innovators (the earliest
adopter of the adopter categories) to be younger while those late adopters (laggards) tend
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to be older (Rogers, 1961). There are many positive, poor relationships with educati
(dronefam, complex, perrisk, pririsk, covid19, attitude, and intention). There is also one
variable that has a positive, fair relationship with educati (income). The positive
education, age, income relationship is intuitive. The positive relationship among educati,
perrisk, pririsk, attitude and intention can be explained by diffusion literature (Rogers,
1961, 2003). Innovators (the earliest of adopters of innovations), typically have higher
education, have higher income, take more risk, and require less time to adopt (compared
to the other adopter categories) after being introduced to an innovation (Rogers, 1961).
In addition to educati, income is also positively correlated (poor) with rurvurb and
negatively correlated with both perceived risk variables. Four additional, poor
relationships were identified with rurvurb. Two were positive (relados and intention)
and two were negative (perrisk and pririsk). Finally, eight additional positive
relationships were identified with dronefam. Four of the relationships were poor
(relados, reladef, perrisk, and pririsk) and four were fair (complex, covid19, attitude, and
intention).
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Table 8
Correlation Table of Variables

Reliability, Convergent and Discriminate Validity
The Cronbach’s Alpha (α), Composite Reliability (CR), and Average Variance
Extracted (AVE) for the perceived attributes and perceived risk factors are shown in
Table 9. The α for each of the constructs is acceptable (>.7) to good (>.8) on the scale
devised by George & Mallery (2003). The CR for each of the constructs exceeds the
benchmark (.7) for sufficient reliability as set by (Nunnally, 1994). The AVE for each of
the constructs also exceeds the threshold of .5 for sufficient reliability as recommended
by Fornell & Larcker (1981).
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The CR and AVE were calculated for each of the scales developed (Table 9). All
the scales have an AVE that is 0.5 or greater. Additionally, each of the factor loadings
are greater than 0.5 (Table 11). Therefore, the factors have sufficient convergent validity
(Cheung & Wang, 2017). Finally, discriminant validity is concluded as the correlation
between the independent variables is 0.7 or less (Table 8) (Cheung & Wang, 2017).
Discriminate validity can also be assessed by comparing the shared variance between
constructs to the AVE. As can be seen from Tables 9 and 10, the AVE for each construct
is greater than the shared variance between the construct in question and every other
individual construct. Therefore, discriminate validity requirements are satisfied (Farrell,
2010; Fornell & Larcker, 1981). This section has demonstrated that the model has
sufficient reliability, convergent and discriminate validity. The chapter continues by
describing the confirmatory factor analysis.
Table 9
Reliability Analysis
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Table 10
Shared Variance

Confirmatory Factor Analysis
In the current model, the Chi-square would lead to rejecting the null hypothesis
that the model fits the data (χ2 = 370.7612, p<.0001) (Bentler & Bonett, 1980). However,
as noted by Bentler & Bonett (1980), the sample size significantly influences the outcome
of the Chi-square test. Therefore, additional fit measures were employed. The RMSEA
measures how well a model “will do at reproducing population covariances” (Thompson,
2004, p. 130). RMSEA ranges from 0 to 1 with a better model fit as the RMSEA
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approaches 0 (Suhr, 2006). The RMSEA should be small, typically less than 0.06 if the
model fits (Brown & Moore, 2012; Jackson et al., 2009; Schreiber et al., 2006; Suhr,
2006; Thompson, 2004). The RMSEA for the current model is 0.0347 indicating
appropriate model fit (Brown & Moore, 2012; Suhr, 2006).
The next fit statistic evaluated was the CFI. The CFI “assesses model fit relative
to a baseline null or independence model” (Thompson, 2004, p. 130). CFI has a range of
0 – 1 and a better fit is indicated as the CFI approaches 1 (Bentler, 1990). Suhr (2006)
held that a CFI of .90 or greater would be acceptable. Thompson (2004) cited a higher
value of 0.95 to indicate a reasonable fit. The CFI for the current model is 0.978
indicating a reasonable model fit. The final fit statistic considered is the TLI. The TLI
coefficient indicates the “quality of representation of interrelations among attributes in a
battery by a maximum likelihood factor analysis”(Tucker & Lewis, 1973, p. 1). An
acceptable model fit should have a high TLI coefficient (Tucker & Lewis, 1973). The
range of TLI values is from 0 to 1 (Marsh et al., 1988). A general rule for an acceptable
model fit measured by TLI is 0.95 or higher (Schreiber et al., 2006). The TLI for the
current model is 0.972 indicating an acceptable model fit. Hu & Bentler (1999)
recommend using a TLI or CFI of close to 0.95 together with a Root Mean Square
Residual (SRMR) less than 0.08 to evaluate model fit. The SRMR fit statistic for the
model is 0.035. This paragraph established that the proposed model meets acceptable fit
criteria. Table 11 depicts the confirmatory factor analysis loadings. The next section
explains the hypothesis testing results.
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Table 11
Confirmatory Factor Analysis Standard Factor Loadings
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Regression Analysis
Twelve hypotheses were developed in support of the research objective. These
hypotheses are consolidated below:


H1: The relative advantage of speed positively affects attitude toward drone
delivery.



H2: The relative advantage of environmental friendliness positively affects
attitude toward drone delivery.



H3: Lower complexity positively affects attitude toward drone delivery.



H4: Compatibility positively affects attitude toward drone delivery.



H5: Performance risk negatively affects attitude toward drone delivery.



H6: Delivery risk negatively affects attitude toward drone delivery.



H7: Privacy risk negatively affects attitude toward drone delivery.



H8: There is a positive relationship between the number of COVID-19 cases per
state and the attitude toward drone delivery.



H9: There is a positive relationship between the attitude towards drone delivery
and drone familiarity.



H10: There is a positive relationship between people that used delivery services
(e.g., for groceries) during the crisis and attitude toward drone delivery.



H11: Attitude toward drone delivery positively affects intention to use it.



H12: There will be a more favorable attitude toward drone delivery and intention
to use drone delivery across H1-H11 than there was found in the pre-COVID-19
study.
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The hierarchical method was used to load the independent variables into the
regression. A benefit of using hierarchical multiple regression is the ability to observe
the contribution of each predictor variable as they are added (Aguinis, 1995; Arnold,
1982; Lewis, 2007). The first regression was completed in four steps. The individual
characteristics were added in the first step. The perceived attributes were then added in
the second step to observe the additional variance explained by the predictor. Identifying
the change in variance explained is accomplished by observing the ΔR2 (Aguinis, 1995;
Arnold, 1982; Baron & Kenny, 1986; Cortina, 1993; Lewis, 2007). The perceived risk
variables were added in the third step. The covid19 variable was added in the fourth and
final step. The hierarchical method is useful in identifying those predictors that add the
most variance explained and are therefore, the best predictors in a model (Lewis, 2007;
Lindenberger & Pötter, 1998). The results of the hierarchical multiple regression are
listed in Table 12.
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Table 12
Hierarchical Regression Results for Factors Affecting Attitudes Toward Drone Delivery
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Note. Dependent variable: attitude. ***p <.0001
Results Explained
Throughout each step of the hierarchical multiple regression R2 and ΔR2 are
statistically significant at p <.0001. In the first step of the regression, the model is
significant at R2 = .09, F(7, 1054) = 15.37, p <.0001, and dronefam is the only
statistically significant individual characteristic at β = .29, t(1,054) = 9.56, p <.0001.
Therefore, in the initial step, dronefam is the only significant predictor of attitude and
accounts for 9% of the variance. The dronefam variable is the only statistically
significant individual characteristic to remain statistically significant in subsequent steps.
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Adding perceived attributes in Step 2 resulted in an ΔR2 of 0.48, p <.0001. The R2 = .56,
F(10, 1051) = 138.46, p <.0001. All three of the perceived attributes variables are
statistically significant at p <.0001. The parameter estimates for relados β = .36, t(1,051)
= 12.98, p <.0001, reladef β = .2, t(1,051) = 7.15, p <.0001, and complex β = .29, t(1,051)
= 10.51, p <.0001 are all positive. In the second step, the parameter estimate and
significance level of dronefam decreased to β = .06, t(1,051) = 2.47, p. = .01. Step 2
includes the individual characteristics and perceived attributes and accounted for 56% of
the variance in predicting attitude. Adding the perceived risk variables in Step 3 resulted
in a ΔR2 of 0.005, p <.0001. Including the risk variables results in a R2 = .56, F(12,
1049) = 117.89, p <.0001. The increase in R2 of less than one percent reveals that the
perceived risk variables account for little variability in predicting attitude. The only
significant risk variable is perrisk at β = -.08, t(1,049) = -2.91, p = .004. The educati
variable also becomes statistically significant in Step 3 at β = .04, t(1,049) = 2.16, p =
.03. The educati variable becoming statistically significant as the risk variables are
introduced is consistent with diffusion literature as discussed in the correlation section of
this chapter. Diffusion literature and the current study have found education to be
positively correlated with both risk and attitude (Rogers, 1961, 2003). Higher education
tends to result in acceptance of increased risk in adopting a new innovation early (Rogers,
1961, 2003). The parameter estimates for the perceived attributes remained nearly
unchanged in the third step. Finally, adding the covid19 variable in Step 4 resulted in a
ΔR2 of .034 p <.0001. The addition of the covid19 variable β = .29, t(1,048) = 9.53, p
<.0001 resulted in a R2 = .60, F(13, 1048) = 125.12, <.0001. Therefore, the covid19
variable increased the amount of variance accounted for in the model for predicting
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attitude by 3.4%. In the fourth step, when the covid19 variable is added to the model, the
parameter estimates for relados β = .28, t(1,048) = 9.69, p <.0001, reladef β = .13,
t(1,048) = 4.77, p <.0001, complex β = .2, t(1,048) = 7.1, p <.0001 and dronefam β = .05,
t(1,048) = 2.22, p = .05 decreased. The pririsk variable parameter remains nearly
unchanged in the fourth step. Following the fourth step, the model accounts for 60% of
the variability in predicting attitude. From this broad overview, collectively, the
perceived attributes are the best predictors of attitudes toward drone delivery. This is
consistent with previous research as the perceived attributes typically account for about
half of the variance in many diffusion studies (Rogers, 2003). An unexpected finding is
that the covid19 variable is the single best predictor of attitude β = .29, t(1,048) = 9.53, p
<.0001. The unexpected finding is revisited in the interview discussion following the
regression results section of this chapter.
The first regression was used to test Hypotheses 1-10. All the perceived attributes
variables are statistically significant at p <.0001 in Step 4. Therefore, H1-H3 are
supported. The perrisk variable is statistically significant in Step 4 at β = -.07, t(1,048) =
-2.85, p = .005. Therefore, H5 is supported. Privacy risk and the number of COVID-19
cases per state are not statistically significant predictors of attitude. Therefore, H7 and
H8 are not supported. Survey respondents were not asked if they knew how many
COVID-19 cases or deaths occurred in their state. Although 81% reported an increase in
online shopping and 76% reported an increase in delivery service use, survey respondents
were not asked if they believed COVID-19 to be a legitimate hazard. The drone
familiarity variable is statistically significant at β = .05, t(1,048) = 2.22, p = .05. The
statistically significant finding and positive relationship between drone familiarity and
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attitude support H9. The finding that familiarity has a positive significant relationship
with predicting attitude is consistent with historical diffusion research (Rogers, 1976;
Ryan & Gross, 1943). However, although statistically significant, the parameter estimate
for dronefam is small compared to the other predictors. Hypotheses 4, 6, 10 and 12 were
not tested due to deletion of the delivery risk and compatibility constructs. These
constructs were deleted due to weak and secondary factor loadings by the survey items as
reported by Yoo et al. (2018). A difference between the current study and the Yoo et al.
(2018) finds is clear in Step 4. The current study did not find pririsk to be a statistically
significant predictor of attitude. Whereas Yoo et al. (2018) reported privacy risk to be
statistically significant at β = -.1, p <.5. This paragraph explained that six of the
hypotheses were supported, two were not supported, and four were not tested.
Additionally, the difference in findings between the current and Yoo et al. (2018) privacy
risk variables was identified. The next section will derive the results the moderating
effect of COVID-19.
Moderating Effect of COVID-19
The moderation analysis was conducted by creating a product term for each of the
independent variables. The product term was created by multiplying each of the
standardized independent variables by the standardized covid19 variable (Aguinis &
Gottfredson, 2010; Frazier et al., 2004). The increase in ΔR2 after adding the interaction
variables is ΔR2 = .009, p = .05. A small interaction effect would be detected by a ΔR2 of
.2 (Frazier et al., 2004). Cohen (2013) proposed .02, .15, and .35 as low, medium, and
high effect sizes, respectively. The moderating effect on a predictor variable would be
identified by a change in the direction or magnitude of the significant variables from Step
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1, a change in the statistical significance of one of the significant variables in Step 1, or a
statistically significant interaction term (Bennett, 2000; Helm & Mark, 2012). As can be
seen in Table 13, the direction and significance of the parameters are unchanged by
adding the moderator variables. Some reduction in the parameter estimates is expected
and will happen as variables due to the reduction in degrees of freedom (Aguinis, 1995).
There are no statistically significant interaction terms in Step 2, representing predictors
that were not already significant in Step 1. The covid19 variable has a direct and positive
relationship with attitude, but a moderating effect is not observed. The next section will
explore the relationship between attitude and intention to adopt drone delivery (H11).
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Table 13
Moderator Regression Results of COVID-19 on Attitudes

Note. Dependent variable: attitude. ***p <.0001
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Intention to Adopt Drone Delivery
To assess the factors affecting intention to adopt drone delivery, a five-step
hierarchical multiple regression analysis was conducted (Table 14). Throughout each
step of the hierarchical multiple regression R2 and ΔR2 are statistically significant at p
<.0001. In the first step of the regression, the model was significant with a lower R2 than
Step 1 of the regression on attitude. In Step 1 of the regression on intention R2 = .07,
F(7, 1054) = 12.08, p <.0001. Both rurvurb and dronefam were statistically significant
individual characteristic at β = .07, t(1,054) = 2.37, p = .02 and β = .25, t(1,054) = 8.35, p
<.0001, respectively. Neither the rurvurb nor dronefam variables remain statistically
significant in subsequent steps. This loss of significance can occur for a couple reasons.
First, predictor variables will often experience reduced significance and parameter
estimates when variables are added to the model due to the reduction in the degrees of
freedom (Aguinis, 1995). Additionally, the dronefam variable is correlated fair with
complex at rs = .39, p <.001. Although testing did not reveal multicollinearity as a
problem, the complex variable is a better predictor of the variance previously explained
by dronefam. The shared variance among dronefam and complex is .15 (Table 10). A
similar occurrence is observed with rurvurb and relados (rs = .1, p = .001) as the
parameter estimate for relados is relatively large. Although the correlation between
complex and rurvurb is poor, the regression parameter for rurvurb is small, as noted
above in the regression first step.
The perceived attributes variables were added in Step 2 and resulted in a ΔR2 =
.489, p <.0001 and R2 = .56, F(10, 1,051) = 134.18, p <.0001. Each of the perceived
attribute variables are statistically significant as follows: relados β = .32, t(1,051) =
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10.97, p <.0001, reladef β = .21, t(1,051) = 7.61, p <.0001, and complex β = .34, t(1,051)
= 12.39, p <.0001. Additionally, the gender β = -.05, t(1,051) = -2.41, p = .02 variable
becomes significant in Step 2 and remains significant in subsequent steps. Adding the
perceived risk variables in Step 3 resulted in ΔR2 = .007, p <.0001 and R2 = .56, F(12,
1,049) = 115.44, p <.0001. The perrisk variable is significant at β = -.09, t(1,049) = 3.05, p = .002. The pririsk variable is not significant in Step 3 or subsequent steps.
Following Step 3, neither of the risk variables are significant predictors of intention. The
parameters of the remaining significant variables in Step 3 are nearly unchanged in
magnitude and significance level from Step 2. The covid19 variable was added in Step 4.
Adding the covid19 variable increased the variance accounted for by the model by ΔR2 =
.049, p <.0001. Therefore, R2 = .61, F(13, 1,048) = 130.17, p <.0001, which does not
seem like a large change from the previous step. However, like in the regression on
attitude, adding the covid19 variable β = .34, t(1,048) = 11.53, p <.0001 reduced the
parameter estimates of relados β = .2, t(1,048) = 7.20, p <.0001, reladef β = .43, t(1,048)
= 4.87, p <.0001, and complex β = .23, t(1,048) = 8.57, p <.0001. This parameter
estimate reduction is expected when variables have shared variance. To explore the β
reduction of the perceived attributes, a test was performed by adding the covid19 variable
in Step 2, following the individual characteristics. The addition of the covid19 variable in
Step 2 resulted in an R2 = .51, F(14, 1,047) = 195.02. Therefore, the covid19 variable
accounts for some of the same variance in predicting intention as each of the perceived
attribute variables. This finding is supported by the correlation analysis (Table 8), as
each of the perceived attribute variables are correlated moderately strong with the
covid19 variable. The covid19 variable is the best predictor of intention in Step 4. The
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gender variable remains nearly unchanged from previous steps in both Steps 4 and 5.
Finally, attitude was added in Step 5. The addition of attitude resulted in ΔR2 = .106, p
<.0001 and R2 = .719, F(14, 1,047) = 195.02, p <.0001. The attitude variable is the best
predictor of intention β = .52, t(1,047) = 19.94, p <.0001, followed by covid19 β = .19,
t(1,047) = 7.35, p <.0001. Attitude accounting for variance previously accounted for by
the perceived attribute variables resulted to the variable parameters being further reduced
as follows: relados β = .06, t(1,047) = 2.38, p = .02, reladef β = .07, t(1,047) = 2.76, p =
.006, and complex β = .13, t(1,047) = 5.56, p <.0001. This finding is consistent with
historical TAM research (Davis, 1985, 1989) that attitude has a mediating effect
(Bennett, 2000; Frazier et al., 2004) on the perceived attributes in predicting attitude.
The gender variable remains significant at β = -.04, t(1,047) = -2.55, p = .01 in step 5.
Attitude is the only significant predictor of intention in the Yoo et al. (2018) findings.
Summarizing the results of the regression on intention, all the perceived attributes
are statistically significant when added in Step 2. Gender is also statistically significant
at the .05 level beginning is Step 2. Noting the decreasing parameter estimates for the
perceived attributes in subsequent steps, gender and the perceived attributes remain
statistically significant in subsequent steps. These statistical significance of the gender
variable is supported by previous research (Gefen & Straub, 1997; Mazman et al., 2009).
However, given the size of the parameter estimate at each step, caution should be used in
practically interpreting gender to predict intention to adopt drone delivery (Aguinis,
1995). Performance risk is statistically significant and has a negative relationship with
intention when added in Step 3. However, performance risk is not statistically significant
in Steps 4 or 5. Privacy risk is not a statistically significant predictor of intention. The
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covid19 variable is statistically significant and has a positive relationship with intention
when added in Step 4. Attitude, followed by the covid19 variable is the best predictor of
intention when added in the final step. Therefore, H11 is supported. The following
paragraph will provide a general summary of the regression findings before proceeding to
the interview results section.
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Table 14
Hierarchical Regression Results for Factors Affecting Intention
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Note. Dependent variable: intention. ***p <.0001
The first regression yielded some expected and unexpected results. First,
consistent with extant diffusion research, the perceived attributes accounted for about half
of the variance in predicting attitude (Rogers, 2003). Second, the results of the regression
of the current study found only the performance risk, and not the privacy risk variable to
be a statistically significant predictor of attitude. This differs from the Yoo et al. (2018)
findings as they found both performance risk and privacy risk to be significant predictors
of attitude. Third, drone familiarity is the only significant individual characteristic in the
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final step of the model. Finally, the number of COVID-19 cases by state is not a
significant predictor of attitude. However, the covid19 variable is the best predictor of
attitude when added to the model. This finding is unexpected and indicates that COVID19 has direct, positive effect, rather than moderating effect on attitudes on drone delivery.
The unexpected finding was supported by the moderation regression. When the
interaction terms were added to the model, the relationships between attitude and the
dependent variables remained nearly unchanged. A moderating effect was not observed.
Yet, the covid19 variable remained the best predictor of attitude, further supporting the
direct effect.
The findings of the regression on intention indicated that gender, the relative
advantage of speed, relative advantage of environmental friendliness, complexity,
COVID-19, and attitude are significant predictors. The Yoo et al. (2018) study found
only attitude to be a significant predictor of intention. Attitude, followed by covid19 are
the best predictors of intention in the current study. The finding of the current study that
gender is a significant predictor of intention is consistent with historical research (Gefen
& Straub, 1997; Mazman et al., 2009). However, extant research shows that, depending
on the innovation for which perception is being studied, there are times when males have
a more favorable attitude, and others where females have the more favorable attitude
(Gefen & Straub, 1997; Mazman et al., 2009). To gain insight into the findings of the
regression analyses, a round of interviews was conducted. The interview results are
provided in the next section.
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Interview Results
The goals of conducting the interviews included gaining an understanding of the
exploratory factor analysis factor loadings, gaining insight into the results of the
regression analyses, identifying the factors that had the greatest influence on attitudes
towards drone delivery, identifying concerns with drone delivery and determining if the
benefits outweigh the risks or the risks outweigh the benefits. This section includes an
overview and analysis of the interviews. The interview instrument is provided in
Appendix D. The interview responses are provided in brief in Table 15. Also, the
detailed interview responses are available in Appendix E.
This section proceeds to explore the goals in the order described. As
demonstrated during the EFA of this study, the survey items loaded onto only two factors
(perceived attributes and perceived risks), after removing one complexity item (Table 6).
The factors related to the categories of the model rather than the individual constructs.
One factor was all the perceived attributes and the other perceived risks. All items loaded
.7 or greater with no secondary loadings greater than .07. Yoo et al. (2018) reported that
the compatibility and complexity items loaded onto the same factor. Since the
compatibility had weak first loadings <.7, and two of the items had secondary loadings
>.3, in the Yoo et al. (2018) study, the compatibility construct was deleted. Yoo et al.
(2018) also reported that delivery risk and performance risk loaded to the same factor.
Similar to compatibility, Yoo et al. (2018) also reported that delivery risk had weak
loadings and the construct was deleted. Yoo et al. (2018) found that relative advantage of
speed, relative advantage of environmental friendliness, complexity, performance risk
and privacy risk emerged as separate factors. In order to facilitate comparison of the
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results, the Yoo et al. (2018) constructs were used in this study. Sufficient model fit for
the Yoo et al. (2018) model was verified through CFA. Using CFA allows researcher
with an expectation, or hypothesis of the number of factors to explicitly test model fit.
(Costello & Osborne, 2005; Suhr, 2006; Thompson, 2004). However, it is worth
exploring why the items loaded differently onto the factors between the current and Yoo
et al. (2018) studies.
Seven of the ten survey respondents indicated that, to them, compatibility is the
same as relative advantage. Participants were initially asked the meaning of
compatibility. A follow up question was “Do you perceive compatibility to be the same
as relative advantage?” A clear differentiating definition or example did not emerge
among participants that stated they felt compatibility and relative advantage were
different. One participant stated, “Drone delivery adds convenience, so it is compatible.
This is different than the relative advantages when compared to other delivery services.”
Of course, this definition is more closely related to relative advantage than compatibility,
which Rogers (2003) stated as, “Relative advantage is the degree to which an innovation
is perceived as better than the idea it supersedes” (p. 15). A respondent that believed
relative advantage and compatibility represented the same concept stated, “Compatibility
means that the delivery mode meets the needs of the consumer. Proper location, timing,
and being able to meet the need. I believe this is the same as relative advantage as
usefulness is the same as meeting needs. They go together.” Another respondent said,
“Compatibility to me means that it is a feasible option over alternatives. For example, is
it compatible with the way my yard is set up? Is the technology meeting my needs and
expectations? I think this is different from relative advantage, but I think my answers

100
would be similar and positive for both.” Again, this respondent began their answer with
a definition similar to relative advantage rather than compatibility. Rogers (2003) defines
compatibility as, “Compatibility is the degree to which an innovation is perceived as
being consistent with existing values, past experiences, and needs of potential adopters”
(p. 15). From the interview responses, often citing the definition for relative advantage
when asked about compatibility, it is clear why the compatibility items loaded onto the
same factor as the relative advantage items >.7. Additionally, previous diffusion studies
have also found the relative advantage items, complexity and compatibility to load on the
same factor (Emani et al., 2012; Liao, 2005; Moore & Benbasat, 1991).
The findings for risk were similar but this time eight of the ten survey
participants reported that they perceive performance risk and delivery risk as having
different meanings. Again, no clear differentiating definitions were consistent among
respondents. The interview question was, “Do you perceive a difference between
performance risk and delivery risk in the context of drone delivery?” One participant
said, “I do perceive delivery risk and performance risk differently. Delivery risk is on
time delivery.” Another respondent had the opposite perception of the terms stating, “To
me, performance means to be on time when talking about delivery services. Delivery risk
would be the risk of the package not being delivered at all or the wrong package.” Still,
another participant stated, “Performance risk and delivery risk are different. Performance
risk is speed, efficiency, on time.” A third respondent said, “Different. Performance risk
is liability such as damage to property. Who pays for liability? Delivery risk is
associated with the items delivered. Are they expensive, cheap, etc.?” The varying
definitions were common among interviewees for the risk construct question. The
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interviews were productive in identifying this ambiguity. The definitions provided by
respondents for performance risk and delivery risk were varied. In some cases, the
definitions were reversed between participants. However, whether delivery or
performance, the question was asking about risk. This explains why all nine risk items
loaded onto a single construct. In explaining the two factor model that resulted from the
factor analysis of the current study, the perceived attributes individual constructs and the
perceived risk individual constructs are conceptually different, but the constructs are
viewed as similar or identical by survey participants (Moore & Benbasat, 1991). These
findings contrast with the perceived attributes and perceived risk items loading onto the
five distinct constructs as reported by Yoo et al. (2018). The next paragraph explores the
results of the interview in explaining the results of the regression analyses.
The statenorm variable was the number of COVID-19 cases per state normalized
per 1,000 members of each state’s population. The statenorm variable was not statically
significant in any of the three regression analyses. The interviews provided insight into
this finding. When asked, “How many COVID-19 cases have been recorded in your state
of residence?”, all 10 participants responded in some form of the negative, “No idea”, “I
do not know”, or “Not sure.” The interview participants not having knowledge of the
number of cases was informative and explained why the statenorm variable was not
significant. Survey participants were not asked if they knew how many COVID-19 cases
occurred in their state. This section proceeds by exploring the finding that the covid19
variable has a direct, positive relationship with attitude.
Despite the statenorm variable not being a statistically significant predictor of
attitude, the covid19 variable emerged as the best predictor of attitude and second only to
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attitude in predicting intention. To better understand this outcome, the interviewees were
asked a series of two questions. The first question was: “What has influenced public
attitude toward drone delivery?” After respondents answered, a follow up question was
asked: “Have any of the following considerations influenced your attitude toward drone
delivery? The local risk associated with the number of COVID-19 cases in the state,
social distancing measures, such as stay home restrictions, store closures and/or curbside
pickup. Please explain.” A question asking interviewees if they believed COVID-19 was
a legitimate threat was not proposed. However, from the responses, it seems that
participants typically did not fear the virus. Instead, in complying with the imposed
restrictions, store closures, and best practices, the downstream effect was increased use of
online shopping and delivery services. These findings indicate it was the implications of
COVID-19, such as restrictions, preventive guidelines, and store closures, rather than the
virus itself that influenced attitude toward drone delivery. The responses also explain
why the covid19 variable accounts for some of the shared variance as the perceived
attributes variables. Many of the responses fit into the scope of relative advantage. In
response to the first question, one participant stated, “People shopping from home online
and using delivery services has positively influenced my attitude toward drone delivery.”
A second interviewee replied, “With more and more items being delivered, drone
delivery makes sense to me. I think it would be faster. It would also remove some
human interaction and big trucks from clogging up neighborhood streets. It makes
intuitive sense.” In response to the follow up question, one participant said:
COVID-19 cases have not influenced my attitude toward drone delivery. I think
appropriate safety measures are in place. I suppose drone delivery could reduce
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the risk of encountering COVID-19, but again appropriate measures are already in
place. Gaining experience with delivery services has influenced my attitude
toward drone delivery and delivery services in general. I started using Amazon
Prime during the pandemic and it is excellent and fast.
The response suggests that it was the implications of COVID-19, rather than the
virus itself, that influenced the participant’s attitude. The downstream implications of the
pandemic resulted in the public gaining increased experience and familiarity with
delivery services and online shopping. The more favorable attitude associated with
increased familiarity is supported by the previous literature and is referred to as the
familiarity hypothesis (Nelson et al., 2019). These findings also provide insight into why
the drone familiarity variable was a significant predictor of attitude. Drone familiarity
will be covered later in this section. Continuing with the responses on what influenced
attitude, one participant held that, “COVID-19 cases, risk, social distancing measures
have not influenced my attitude toward drone delivery. Gaining experience with delivery
services has positively influenced my attitude toward drone delivery.” Another
interviewee said:
I changed my behavior because of COVID-19. My family followed all the
restrictions. As we learned more about COVID we became more relaxed. Our
state had fewer restrictions and we are almost back to normal. I have been using
curbside pickup and delivery. I think this is convenient. Especially since I have a
2-year-old. I will likely continue using these services. These factors have
influenced my attitude to be more favorable towards drones as a delivery solution.
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The interviews revealed that it was increased use of delivery services and online
shopping because of restrictions and guidelines put in place due to the pandemic, that
resulted in increased familiarity with these services which influenced attitude. The next
paragraph explores the statistically significant finding that drone familiarity predicts
attitude.
Interview responses from the previous paragraph provides some insight into how
familiarity can influence attitude. Therefore, the statistically significant finding that
dronefam predicts attitude was not unexpected. The regression results are supported by
the interview responses. A series of two questions were asked to explore dronefam as a
statistically significant predictor of attitude. The first question asked was: “What is the
most important factor that would result in you having a more positive attitude toward
drone delivery?” The one participant that had a negative attitude toward drone delivery
said:
I think a proven drone delivery solution would positively influence my attitude
toward drone delivery. Right now, there are a lot of variables. I am currently
unaware, do not have enough knowledge of drone delivery. Solutions to consider
are airspace deconfliction and air traffic safety. It is a novel idea, but maybe not
likely now.
Another participant said, “The most important factor to me is gaining more
knowledge about the machines, technology and/or people controlling them. I would also
like to know more about the regulations. More knowledge would have the greatest
impact on my attitude.” A third interviewee stated, “I think I would just have to try it. If
it resulted in faster delivery, that would make my attitude towards them better.” Each of
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these interviewees cited some form of familiarity with drone delivery as a major factor in
influencing attitudes in the future.
A second question asked for recommendations on influencing attitude in the
future. In Table 15, the brief responses show education and experience were the most
common recommendations. Specifically, the question asked was, “Do you have any
recommendations that may be employed to positively influence the public’s attitudes
toward drone delivery?” One response was, “I think an action group or committee would
be useful to improve our knowledge of the solutions. Who do we ask questions to? The
solutions I mentioned may already be in place. I just do not know if they are.” Another
interviewee said, “Yes. First and foremost, educate the public. Airplanes have been
around long enough that we faithfully board them. But new tech needs a campaign to
educate the population.” A third participant held that, “I think the public just needs to
gain some experience with the technology. A small percentage of people have
experienced drone delivery. Consumer data, such as reviews and feedback will shape the
public’s opinion.” The interviews were useful in explaining the significant finding for
drone familiarity as a predictor of attitude. The following paragraph will explore the
regression finding that privacy risk is not a statistically significant predictor of attitude.
When interview participants were asked, “What is your greatest concern with
drone delivery?” The two most common responses were related to safety and failure to
deliver successfully. One respondent replied, “My greatest concern would be the
potential for damage to my family, animals, property, or damage to the drone.” Another
respondent had a similar answer: “Safety. Really for the people on the ground.” A third
interview held, “If they get the package to my house on time and do not crash, I do not
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really have any concerns.” Noting the responses from interviewees defining performance
risk above, responses to the greatest concern question was informative in explaining why
the privacy risk variable was not a significant predictor of attitude. Table 15 shows that
only one respondent held that their greatest concern was privacy. At length, the privacy
response was:
My greatest concern is privacy. But it is small compared to the potential benefits.
I am willing to sacrifice privacy for convenience. I believe there will be
reasonable safeguards such as geofencing, flight routes, etc. Hopefully drone
delivery does not evolve to police surveillance where drones can be taken over at
the will of the government and re-tasked.
This response suggests that the benefits of drone delivery outweigh the potential
privacy risks. The finding that the privacy variable is not a statistically significant
predictor attitude is in contrast to the findings of previous studies. Herron et al. (2014)
reported, 89% of their sample was concerned about privacy in UAS applications. The
interview responses supported the regression results that privacy risk is not a statistically
significant predictor of attitude. This section proceeds by exploring what has influenced
attitudes, perceived benefits, concerns, and the risk to benefit relationship before
summarizing this section.
The questions asking participants about their concerns and what has influenced
the public’s opinion was discussed earlier in this section. An overview of the responses
reveals news followed by experience using delivery services are the most cited items that
has influenced participants current attitude towards drone delivery (Table 15). Both news
and experience increase familiarity. The one respondent that had a negative attitude
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towards drone delivery cited being unfamiliar with drones as the reason. Speed and
accuracy were most frequently cited as the most important factors that will influence
attitudes. One response in identifying the most important factor that would result in a
more positive attitude toward drone delivery was, “The most important factor to me is the
speed of delivery.” When asked what the greatest concern with drone delivery, safety
was the greatest concern, followed by problems with the delivery. One interview stated,
“I suppose that the drone could drop my package accidently.” While another held, “My
biggest concern would be a lost package. Also, concerns as to how packages would be
delivered to apartment buildings.” A third participant stated, “Integration into the
airspace system is by biggest concern. As a pilot, I am uncertain about how comfortable
I am with drones being in the airspace. I think the safety/integration will be worked out.”
Nine out of ten respondents indicated that the benefits of drone delivery outweigh the
risks. One participant stated, “The benefits of drone delivery outweigh the risk. They
may be environmentally safe; society will benefit and there are risks in everything.”
Another interviewee held that, “The benefits outweigh the risks based on my knowledge
of drones.” This is a significant shift from the Herron et al. (2014) findings that risks
outweighed the benefits. All the participants that offered recommendations to influence
attitudes positively towards drone delivery recommended some form of education or
experience in the technology. This paragraph explained that the news and experience
with drones had the greatest influence on their attitudes, the greatest concern is safety,
and the potential benefits of drone delivery outweigh the risk. The following paragraphs
provide a summary of the interview findings.
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The interviews provided insight into many exploratory factor analysis and
regression analysis results. The interviews revealed that compatibility and relative
advantage were not perceived to be different. Even in those cases where respondents said
they were different, the definitions respondents provided were often conflicting. For
example, when a definition for compatibility was given, it explained how an innovation
was better than what came before it, essentially defining compatibility as relative
advantage. A similar occurrence was observed with privacy and performance risk. Some
interviewees said performance risk and delivery risk are different. However, a coherent
difference did not often emerge when they defined the two. No distinct defining
difference was evident to interviewees for the privacy risk and delivery risk, nor
compatibility and relative advantage. Therefore, the interview results explain the finding
of the two-factor model: perceived risk and perceived attributes.
The regression finding that the statenorm variable is not a statistically significant
predictor of attitude was supported by the interviews as none of the interviewees knew
how many COVID-19 cases occurred in their state. The interviews also supported the
finding that the covid19 variable is a statistically significant predictor of attitude.
Further, that it was the downstream implications of COVID-19, such as restrictions and
store closures that resulted in participants gaining experience with (becoming familiar
with) delivery services and online shopping. Interviewees held that gaining additional
knowledge and experience with drones would influence attitude toward drone delivery.
This finding supports dronefam as a statistically significant predictor of attitude. Privacy
was only cited by one participant as the greatest concern. This finding departs from the
findings of previous literature, such as Herron et al. (2014). The interview responses do
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explain the regression results that pririsk is not a statistically significant predictor of
attitude. Additional findings of the interviews include that participants believe news
about drones and gaining experience will improve attitudes toward drone delivery.
Safety is the primary concern, followed by unsuccessful package delivery. Overall,
interview participants believe that the benefits of drone package delivery outweigh the
risk.
Table 15
Summary of Interview Responses

Summary
This chapter outlined the correlation analysis, exploratory factor analysis,
reliability analysis, confirmatory factor analysis and hypothesis testing results. In all
three regression analyses, the individual characteristics were loaded in the first step.
Drone familiarity was the only individual characteristic to remain significant in the final
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step when attitude was the dependent variable. Gender was the only significant
individual characteristic with intention as the independent variable. The other significant
predictors of attitudes toward drone delivery were the relative advantages of speed and
environmental friendliness, complexity, performance risk and COVID-19. The second
hierarchical multiple regression was carried out to test the moderating effect of COVID19 on attitudes toward drone delivery. A significant moderator effect was not observed.
Instead, COVID-19 has a significant and positive, direct effect on attitudes toward drone
delivery. In addition to gender, significant predictors of intention are the relative
advantages of speed and environmental friendliness, complexity, COVID-19, and
attitude. A table of the hypothesis testing outcomes follows before closing the chapter
(Table 16). The next chapter will include conclusions and recommendations for future
research.
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Table 16
Summary of Hypothesis Testing
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CHAPTER V
DISCUSSION, CONCLUSIONS, AND RECOMMENDATIONS
This chapter begins by restating and answering the research questions. It
proceeds by reviewing the current state of drone delivery in the United States. The
conclusions, limitations and contributions of the study will be highlighted. Finally,
recommendations for future research will be outlined before closing the chapter.
Discussion
To explore the factors affecting attitudes towards drone delivery and the effect of
COVID-19, three research questions were developed. The first research question was the
following: How has COVID-19 (crisis) affected attitudes toward drone delivery? In
assessing this question, two variables were developed. First, the “state” variable was
developed by coding each state with the number of COVID-19 cases, normalized per
1,000 members of the state population as reported from the Centers of Disease Control
and Prevention (CDC) and U.S. Census Bureau websites. This variable was developed to
evaluate if the number of cases per state affected attitudes toward drone delivery. The
number of cases per state was not a significant predictor of attitude toward drone
delivery. The interviews provided insight into this finding. Of the ten participants
interviewed, none of them knew how many COVID-19 cases or deaths had been reported
or confirmed in their states. None of them took a guess at the number of cases.
Additionally, statewide stay-at-home, business closures and other restrictions were not
proportional to the number of cases in each state (Lurie et al., 2020). Five states did not
have stay-at-home restrictions during this study (Lurie et al., 2020). Only one of the ten
participants interviewed stated that the local risk associated with COVID-19 influenced
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their attitude toward drone delivery. Therefore, rather than COVID-19 cases, it appears
that the implications of the virus resulted in a more favorable attitude toward drone
delivery. Referring to survey respondents, 81% indicated that their use of online
shopping increased because of COVID-19. Further, 76% indicated that their use of
delivery services increased because of COVID-19.
The COVID-19 variable was created from three survey items. The items asked
participants if they thought drones were compatible and would meet their delivery needs
amidst the pandemic implications such as stay-home-restrictions and social distancing
guidelines. The third item in the variable asked participants if they have a more favorable
attitude toward using drones for delivery because of COVID-19. This variable was
significant and had a direct, positive relationship with both attitudes toward drone
delivery and intention to use the service. A moderating relationship was not observed.
Therefore, in answering the research question, COVID-19 has had a direct positive effect
on attitudes toward drone delivery.
The second research question was the following: Which of the perceived
attributes best predict a positive attitude toward drone delivery? To answer this question,
the regression parameter estimates were interpreted. All the perceived attributes were
significant at the <0.001 level. The relative advantage of speed had the largest parameter
estimate, which was 0.322. Complexity had the second largest parameter estimate
(0.220). Therefore, of the perceived attributes, the relative advantage of speed is the best
predictor of attitude. This finding was supported in the interviews. When asked, “In
your opinion, what are some of the relative advantages of drone delivery?,” seven of the
ten participants cited speed.

114
The third and final research questions was the following: Which individual
characteristics best predict a positive attitude toward drone delivery? Of the individual
characteristics included in the regression analyses, drone familiarity was the only one that
remained significant when attitude was used as the independent variable. Drone
familiarity had a positive relationship with attitude and was significant at the .05 level.
Drone familiarity is the individual characteristic that best predicts a positive attitude
toward drone delivery. This finding was supported by interview respondents. When
asked for a recommendation to improve the public’s attitude toward drone delivery, eight
of the 10 participants cited experience with, being able to observe drone delivery or
education on the technology.
Comparison to the Pre-COVID-19 Study. There are some clear distinctions
when comparing the results of the present study to those of Yoo et al. (2018). The first
appears when the perceived attributes are added to the hierarchical multiple regression on
attitude. The perceived attributes accounted for 38% of the total variance in the preCOVID-19 study and 48% in the current study. This trend continued when the perceived
attributes were added to the regression on intention. The pre-COVID-19 study reported
that the perceived attributes accounted for 31% of the total variance and they accounted
for 49% in the current study. The risk variables were added in the step following the
perceived attributes in both studies. Yoo et al. (2018) reported risk to account for 2.6%
of the variance in attitude and 2.7% in intention. The current study found risk to account
for 0.5% of the variance in attitude and 0.7% in intention. For both attitude and intention,
the current study found the perceived attributes to account for more and the perceived
risks to account for less variance than the previous study. Performance and privacy risks
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were significant predictors of attitudes and intention in the Yoo et al. (2018) findings.
Performance risk was significant, but privacy risk was not significant in the regressions
on attitude or intention in the present study. Additionally, nine out of ten interview
participants stated that the benefits of drone delivery outweigh the risks. These results
suggest 1) that the perceived benefits outweigh the perceived risks and 2) the perceived
benefits are greater, while the perceived risks are less of a concern than they were in the
pre-COVID-19 study.
State of Drone Delivery. The introduction of this dissertation proposed three
challenges to drone package delivery. Those challenges were technological, regulatory,
and social. Chapter II reviewed literature that addressed the technological and regulatory
challenges. The literature review indicated that the technology to facilitate successful
implementation of drone package delivery has been developed and relief from night and
beyond line-of-sight restrictions is in the near future (Stöcker et al., 2017). Amidst
maturing sense and avoid and beyond line of sight technology, the FAA began granting
waivers to the Part 107 night, over people, and beyond line of sight restrictions (Federal
Aviation Administration, 2020). The FAA holds that waivers granted are considered in
future rounds of legislation (Federal Aviation Administration, 2020). The literature
review concluded that if waivers are indicative of future rounds of legislation, then drone
delivery may be on the near horizon. This assumption appears to be supported by
developments that have occurred since this study began. In September of 2019, the
United Parcel Service (UPS) received the first standard Part 135 air carrier certificate
(Federal Aviation Administration, n.d.). Part 135 certification allows UPS to operate as
an air carrier and deliver packages for compensation, beyond visual line of sight (Federal
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Aviation Administration, n.d.). The following month, Wings Aviation LLC was granted
the standard Part 135 certification (Federal Aviation Administration, n.d.). The FAA
holds that they are currently working on six additional Part 135 applications that have
been submitted (Federal Aviation Administration, n.d.). Based on these developments, it
seems the FAA is satisfied that these carriers have implemented appropriate technology
and procedures to safely deliver packages by drone. This section revisited technological
and regulatory challenges faced by drone package delivery. The third challenge proposed
was the social challenge. This challenge includes attitudes toward drone delivery and
intention to use the service (Lidynia et al., 2017; Yoo et al., 2018). The social challenge
was the focus of the present study and will be addressed in the conclusion. The next
section will offer research recommendations.
Limitations
As is true for all research, this study was not free of limitations. First, the online
sampling procedure included only those registered as workers on MTurk. This method is
convenient for gathering survey data. However, it excludes those members of society
that do not have access to the internet and those outside the MTurk platform. Despite
these shortcomings, MTurk is used commonly by researchers and considered to be a
feasible solution for collecting survey data (Bentley et al., 2017). After outlining the
limitations of the study, the following sections will close the dissertation with
conclusions and recommendations.
Conclusion
The COVID-19 pandemic has had a direct affect, rather than moderating effect,
on attitudes toward drone delivery and intention to use the service. In response to the
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question “Did your use of delivery services increase as a result of COVID-19?,” 76% of
respondents answered yes. Additionally, 81% of respondents reported increased use of
online shopping because of COVID-19. In response to the survey item, “I have a more
favorable attitude toward using drone delivery as a result of COVID-19.,” 66% of
respondents agreed or strongly agreed. The COVID-19 variable was a significant
predictor of both attitude and intention to use drone delivery. The findings indicate that it
was the downstream implications of COVID-19 (restrictions, increased delivery use,
social distancing, etc.), rather than the number of cases that led to a more favorable
attitude toward drone delivery. The positive relationship between each of the perceived
attributes, attitude and intention may be explained by the suitability of drones for package
delivery. Specifically, in an environment of increased online shopping, increased use of
delivery service and the demand for no-contact delivery, drones are perceived to be easy
to use, fast and environmentally friendly. This is consistent with the Davis (1989)
findings that attitude is a function perceived usefulness and perceived ease of use.
Further, the positive, significant relationship between the perceived attributes and
intention to use drone delivery is consistent with the perceived attributes being the best
predictor of rate of adoption of an innovation (Rogers, 2003). Finally, in agreement with
Davis (1989), attitude is a major determinant of intention to use the service. Attitude is a
significant predictor of intention and had the largest parameter estimate (.53, <.0001).
This paragraph established that COVID-19 had a direct effect on attitude and explained
that the results showed drones to be perceived as useful and easy to use. Consistent with
previous studies, the perceived attributes were found to be the best predictors of attitudes
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(Davis, 1989). Similarly, the results show that attitude is the best predictor of intention
(Davis, 1989). The next paragraph will discuss the findings related to perceived risk.
Performance risk is the only risk variable that was a statistically significant
predictor of attitude and intention. This finding does not support Clothier et al. (2015) in
citing privacy risk as the primary concern of drone delivery. However, according to the
Pemberton (1937) hypothesis, adoption returns to the S-Curve of Diffusion after the
social crisis has passed. Therefore, it is possible that after COVID-19 has passed, a
future study may find privacy risk to be a statistically significant predictor of attitudes
toward drone delivery. Approximately 45%-55% of respondents agreed with each of the
survey items stating that delivery by drone is riskier than alternative delivery methods.
These items stated that drones are more likely to damage the package, damage property,
deliver to the wrong address, result in stolen packages, deliver incomplete orders or
deliver orders late. However, the regression results showed all three of the perceived
attributes to be significant predictors of both attitude and intention. All three of the
perceived attributes had a stronger relationship with attitude and intention than did
performance risk. Therefore, in terms of the public’s attitudes and intention to adopt
drone delivery, the perceived benefits outweigh the perceived risks. These results are not
consistent with the Herron et al. (2014) findings that perceived risks outweighed the
benefits of using drones for package delivery. The next paragraph will explain the
conclusion drawn from the individual characteristics.
The only significant individual characteristic when attitude is the dependent
variable is drone familiarity (.036, 0.05). The significant, positive relationship between
attitude and drone familiarity does not extend to intention to use the service. More
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clearly, drone familiarity is not a significant predictor of intent. The only significant
individual characteristic that predicts intent is gender (-0.076, .01). Females were coded
as 1 and males were coded as 2. Males represented 62% of the sample and females
represented 38%. The remaining individual characteristics that were not significant
predictors of attitude or intention include state, age, education, income and rural vs. urban
residents. The state variable was coded by the number of COVID-19 cases per state
retrieved from the CDC on the day the survey was administered. The number of COVID19 cases were normalized per 1,000 members of the state population. The number of
COVID-19 cases by state ranged from 1,572 to 673,095 but the variable was not
significant. The next paragraph will identify the findings when the results of the current
study are compared to the Yoo et al. (2018) (baseline) study.
When compared to the Yoo et al. (2018) results, the findings of the present study
show a stronger, positive relationship between the relative advantages of speed and
environmental friendliness. Additionally, the present study shows a weaker relationship
between lower complexity and a more positive attitude. Further, the baseline study found
both performance risk and privacy risk to be significant predictors of attitude. The
current study shows a weaker relationship between performance risk and attitude. Lastly,
the present study did not find privacy risk to be a significant predictor of attitude or
intention. Compared to the pre-COVID-19 sample, risk and lower complexity were less
important in influencing attitude. The perceived advantages of speed and environmental
friendliness were more important. As compared to the pre-COVID-19 study, the variance
explained by the perceived attributes increased and the variance explained by perceived
risk decreased. Therefore, it is concluded that the public is more willing to accept the
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potential risk to gain the potential benefits of drone delivery than they were before the
emergence of COVID-19. The next paragraph identifies the research contributions.
Three contributions are made by this study. First, this study discovered that
COVID-19 had a direct impact on attitude toward drone delivery. Second, the study
identified the best predictors of attitude toward drone delivery and intention to adopt. As
a practical application of this study, those who desire to advance drone delivery will want
to increase drone familiarity, which may lead to improved perception of speed,
complexity (ease of use), and environmental friendliness. Additionally, reducing the
perception of risk will contribute to a positive attitude toward drone delivery. A third,
and perhaps the most significant contribution of this study, is the extended model,
complete with the survey instrument, that can be used to benchmark and assess attitude
toward drone delivery in future studies. The model can be further modified and extended
to assess attitudes toward and intention to use other existing and emerging innovations.
Recommendations
As carriers continue to become certified to deliver packages via drone, it seems
the United States is on the eve of widespread drone delivery implementation. As the first
certified carriers such as UPS and Wings Aviation LLC begin delivering packages, many
research opportunities are presented. Not the least of which will be the ability to measure
actual adoption rates. As these package delivery carriers launch pilot programs, they will
likely be limited to a specific community near the drone hub. This limitation presents the
opportunity to measure adoption rates in a single geographic area, similar to early
diffusion studies such as Ryan & Gross (1943). The early adoption studies may be used
to predict adoption as the industry continues to grow nationwide. A second research
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opportunity is presented once a drone delivery service has launched in a community.
This opportunity includes measuring perceived attributes, perceived risk, and attitude of
those who have seen or used the service. The actual performance of drones used for
delivery service may alter those perceived attributes and perceived risks that are currently
based on a service that is not yet available. The current study found drone familiarity to
be a significant predictor of attitude. Finally, researchers are challenged to continue to
seek evidence in support of or opposed to the Pemberton (1937) argument that crisis can
advance the adoption rate of an innovation. As noted in the discussion, the perceived
attributes accounted for more and the perceived risks accounted for less variance in
predicting attitude and intention than the previous study. Rogers (2003) held that the
perceived attributes account for approximately half of the variability in adoption rates.
Further research into the Pemberton theory is necessary. Besides drone delivery, other
innovations that may have been affected by COVID-19 include videoconferencing
software, online schooling, telework and online religious services. This section identified
potential research opportunities. The next section will outline the limitations of the
study.
As demonstrated in Chapter IV, despite adopting much of the original survey
instrument, the Yoo et al. (2018) model could not be replicated using exploratory factor
analysis. Instead, using both Principal Component Analysis and Factor Analysis, the
items loaded onto two distinct factors (Table 6). This discovery presents a couple of
research opportunities. First, studies can be framed around the two-factor model
(perceived attributes and perceived risks), using the included survey instrument. Second,
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the distinct factors that emerged from employing the survey can be used together with
other constructs in future studies.
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SURVEY INSTRUMENT
Drone Information for Survey Participants
Companies such as the United Postal Service (UPS) and Amazon are exploring drone package
delivery. Drones are small, remotely controlled or autonomous aircraft. For the purpose of this study,
drones would be used to deliver packages locally from a warehouse or retail store to the delivery location
as prescribed by the customer. Benefits to drone delivery may include fast delivery, lower cost, and
environmental friendliness. Some of the risks associated with delivery by drone may include loss or
damage of the package and/or privacy concerns. In response to COVID-19, UPS partnered with Matternet
(a drone manufacturer) to provide “no-contact” drone delivery of prescription drugs to a retirement
community. Other companies such as Novant Health employed drone delivery for similar operations in
support of the COVID-19 response. There are nearly 500,000 commercial drones registered in the United
States. These drones are spread across applications such as filming movies and sports, utility inspection,
real estate photography, agriculture, press and media, and emergency services.

Figure 1. Image of UPS package loaded onto a Matternet delivery drone. UPS. (2019, March 26)
UPS partners with Matternet to transport medical samples via drone across hospital system in Raleigh, NC.
https://mttr.net/images/Matternet_Press_Release_UPS_03262019.pdf

Figure 2. Image of a drone being loaded for delivery of prescription drugs in support of a
partnered response to COVID-19 between UPS Fight Forward and CVS Pharmacy. UPS. (2020, April 27)
UPS Flight Forward, CVS to launch residential drone delivery service in Florida retirement community to
assist in coronavirus response.
https://www.pressroom.ups.com/pressroom/ContentDetailsViewer.page?ConceptType=PressReleases&id=
1587995241555-272
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Survey Questions
[Attitude towards drone delivery (Lee, 2009)]
Q1. I think using drones for delivery, in general (fast food, groceries, medicine) is a good idea.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q2. I think that using drones to deliver packages is a good idea.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q3. In my opinion, it is desirable to use drones for delivery.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Intention to use (Lee, 2009)]
Q4. I would use drone delivery services.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q5. Using drone delivery services to receive products is something I would do.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q6. I could see myself using drone delivery to receive packages.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Relative Advantage of Speed (Tan & Teo, 2000)]
Q7. Drone delivery is a fast way to get packages delivered.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q8. Drone delivery provides a quick way to receive packages.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q9. Drone delivery is a useful way to receive a package fast.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Relative Advantage of Environmental Friendliness (Tan & Teo, 2000)]
Q10. Drone delivery is a great way to get a package delivered in terms of environmental
friendliness.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q11. Drone delivery is an environmentally friendly way to have packages delivered.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
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Q12. Drone delivery provides a smaller carbon footprint compared to alternative delivery
methods.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Compatibility (Moore & Benbasat, 1991)]
Q13. Using drone delivery would meet my delivery needs amidst social distancing guidelines.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q14. I think drone delivery would meet my expectations of a delivery service.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q15. Using drone delivery would fit into my daily life.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q16. Using drone delivery is completely compatible with my current situation (no-contact
delivery).
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Complexity (Moore & Benbasat, 1991)]
Q17. I understand how to interact with delivery drones.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q18. I believe receiving packages via drone delivery would be easy.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q19. Overall, I believe that a drone delivery service would be easy to use.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Performance Risk (Soffronoff et al., 2016)]
Q20. Delivery drones are likely to malfunction and damage the package it is carrying.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q21. Delivery drones are likely to malfunction and damage property or injure someone.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q22. Delivery drones may be more likely to delivery my package to the wrong address when
compared to other delivery methods.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree

153
[Delivery Risk (Lopez-Nicholas & Molina-Castillo, 2008; Soffronoff et al., 2016)]
Q23. Packages carried by delivery drones are more likely to be stolen when compared to other
delivery methods.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q24. Packages carried by delivery drones are more likely to be damaged by other people when
compared to other delivery methods.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q25. Orders delivered by drone are more likely to be incomplete or late compared to other
delivery methods.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Privacy Risk (Featherman & Pavlou, 2003; Soffronoff et al., 2016)]
Q26. Drone delivery will result in invasion of my privacy.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q27. Drone delivery will result in less privacy.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
Q28. Drones used in delivery services are likely to be used in a way that does not respect my
privacy.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[COVID-19]
Q29. Did your use of online shopping increase as a result of COVID-19?
(1) Yes (2) No
Q30. Did your use of delivery services increase as a result of COVID-19?
(1) Yes (2) No
Q31. I have a more favorable attitude toward using drone delivery as a result of COVID-19.
(1) Strongly Disagree (2) Disagree (3) Neither Agree or Disagree (4) Agree (5) Strongly Agree
[Dummy question]
Q32. For this question, select Red.
(1) Blue (2) Red (3) Yellow (4) White (5) Black
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[Demographics]
Q33. Age
(1) Under 18

(2) 18-24 years old

(3) 25-34 years old

(4) 35-44 years old

(5) 45-54 years old

(6) 55-64 years old

(7) 65 or older
Q34. Gender
(1) Male
(2) Female
Q35. What is the highest level of education you have completed?
(1) Left school before competing high school – no diploma
(2) High school graduate – high school diploma or equivalent (GED)
(3) Some college, but no degree
(4) Associate degree
(5) Bachelor’s degree
(6) Master’s degree
(7) Doctorate or Professional degree (PhD, DDS, JD)
Q36. What is your total household income before taxes during the past 12 months?
(1) Less than $25,000
(4) $50,000 to $74,999

(2) $25,000 to $34,999
(5) $75,000 to $99,999

(3) $35,000 to $49,999

(6) $100,000 to $149,000

(7) $150,000 or more
Q37. Which of the following best describes the type area you live in?
(1) Rural (2) Urban
Q36. What city do you live in?
(Write in)
Q38. Which U.S. state do you live in?
(Write in)
Q39. How familiar are you with drones? (Wollert, 2018)
Very Unfamiliar 1

2

3

4

5 Very Familiar
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INTERVIEW INSTRUMENT
Age:

Gender:

Education:

Profession:

State of Residence:

Drone

Familiarity:
1. Please describe your attitude towards drone delivery.
2. What has influenced public attitude toward drone delivery?
3. Have any of the following considerations influenced your attitude toward drone
delivery? Please explain.
-

Local risk associated with the number of COVID-19 cases in the state.

-

The social distancing measures, such as stay home restrictions, store closures
and/or curbside pickup.

-

Gaining experience with delivery services during the pandemic.

4. How many COVID-19 cases have been recorded in your state of residence?
5. In your opinion, what are some of the relative advantages of drone delivery?
6. What does compatibility of drone delivery mean to you? Do you perceive
compatibility to be the same as relative advantage?
7. What is the most important factor that would result in you having a more positive
attitude towards drone delivery?
8. What is your greatest concern with drone delivery?
9. Do you perceive a difference between performance risk and delivery risk in the
context of drone delivery?
10. Does one (benefits or risks) outweigh the other?
11. Do you have any recommendations that may be employed to positively influence
the public’s attitudes toward drone delivery?
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INTERVIEW RESPONSES

Answer Format: a. (Gender) (Drone Familiarity Score 1-5): Response
Where: a. is the same respondent to each of the questions.
1. Please describe your attitude towards drone delivery.
a. (Female) (3): I have a positive attitude toward drone delivery. I think it is a good idea.
I like Amazon Prime and started using it during the pandemic along with other online
shopping. I believe Amazon is testing drone delivery.
b. (Female) (2): At this point, I think it is weird to think about, but I have a positive
attitude toward the idea.
c. (Male) (4): I have a positive attitude towards drone delivery. I think it is a good idea.
It seems complicated but cool if they can get it to work.
d. (Male) (2): I am cautious and reluctant about drone delivery. Mostly due to my lack of
knowledge of commercial drones.
e. (Male) (5): Drone delivery will be successful. There are some barriers in the way, but
over the next ten years drone delivery will be mainstream.
f. (Male) (5): I think drone delivery is a good idea. There are some safety concerns. For
example, the possibility of an air-to-air collision with manned aircraft or a ground
collision. I would be interested to know the solution for something like a drone
delivering a package to a yard with a dog in it. Who would be liable for damage? But I
think the potential speed of drone delivery warrants advancing the technology.
g. (Female) (1): Neutral. I know very little about drones.
h. (Male) (3): I have a positive attitude towards drone delivery. I think it is a good idea
and the direction we are going.
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i. (Female) (1): It is a good idea. I like the idea; I just do not know if it will work.
j. (Female (1): I support anything that reduces delivery time. So, if delivery by
unmanned aircraft speeds up delivery, I'll take it.
2. What has influenced public attitude toward drone delivery?
a. (Female) (3): My attitude toward drone delivery has been influenced by the media,
articles, and the news. I also believe it is an innovative technology that makes our lives
easier. Drone delivery is exciting, and I believe it will also help companies with cost
savings.
b. (Female) (2): People shopping from home online and using delivery services has
positively influenced my attitude toward drone delivery.
c. (Male) (4): With more and more items being delivered, drone delivery makes sense to
me. I think it would be faster. It would also remove some human interaction and big
trucks from clogging up neighborhood streets. It makes intuitive sense.
d. (Male) (2): As an example, I am very familiar with commercial pilot licensing
procedures. However, I am not familiar with the qualification requirements for drone
pilots. Specifically, recurrent qualifications. They may be exactly what they need to be, I
just do not know.
e. (Male) (5): Being around drones in the military has influenced my attitude. I have seen
them operate in many applications. I have controlled them, seen them used for
geomapping, supply delivery, weapons delivery, and other applications far more difficult
than package delivery. The question is one of the timetables. When not if drone delivery
will happen.
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f. (Male) (5): I think drone delivery is the direction we are headed. In our culture, we
want things right away. We are also always seeking to make things more efficient and
cut costs. Drones may result in cost saving in fuel and delivery drivers.
g. (Female) (1): I think the pandemic has positively influenced my attitude toward drone
delivery. It seems there would be less human interaction in drone delivery.
h. (Male) (3): Reading news articles about how near drone delivery is has influenced my
opinion. I think it will speed up delivery and make receiving packages easier.
i. (Female) (1): I am not sure. The news maybe.
j. (Female (1): I have started to see them used for photography. I have seen them in
stores such as Target. I think seeing them more may influence us.
3. Have any of the following considerations influenced your attitude toward drone
delivery? Please explain.
-Local risk associated with the number of COVID-19 cases in the state.
-The social distancing measures, such as stay home restrictions, store closures
and/or curbside pickup.
-Gaining experience with delivery services during the pandemic.
a. (Female) (3): COVID-19 cases have not influenced my attitude toward drone delivery.
I think appropriate safety measures are in place. I suppose drone delivery could reduce
the risk of encountering COVID-19, but again appropriate measures are already in place.
Gaining experience with delivery services has influenced my attitude toward drone
delivery and delivery services in general. I started using Amazon Prime during the
pandemic and it is excellent and fast.
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b. (Female) (2): COVID-19 cases, risk, social distancing measures have not influenced
my attitude toward drone delivery. Gaining experience with delivery services has
positively influenced my attitude toward drone delivery.
c. (Male) (4): I think local risk of COVID-19 may have had a low impact on influencing
my attitude. I am personally not afraid to get out there and do things as I always have,
but I think others may wish to stay at home. They may be creating a demand for a drone
delivery service.
d. (Male) (2): The local risk of COVID has no impact on me. I am happy to go out into
public. I know people that prefer to stay home. There are ample opportunities to conduct
the delivery business without drones. I do not see how drones are linked to social
distancing measures, so this has not influenced my attitude. I already use delivery
services and it has not increased due to COVID. I have no experience with of knowledge
of drone package delivery.
e. (Male) (5): The local risk of COVID has not influenced my attitude. I can see an
avenue where messaging could sell drone delivery amidst social distancing. I started
using grocery delivery during the pandemic. I think the increased use of delivery
services has created the environment for drone delivery to be successful. We have
become more efficient in our lives using an increased amount of delivery services. We
are looking for solutions to support efficiency. Drone delivery is an innovation that will
meet our needs.
f. (Male) (5): I changed my behavior because of COVID-19. My family followed all the
restrictions. As we learned more about COVID we became more relaxed. Our state had
fewer restrictions and we are almost back to normal. I have been using curbside pickup
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and delivery. I think this is convenient. Especially since I have a two-year-old. I will
likely continue using these services. These factors have influenced my attitude to be
more favorable towards drones as a delivery solution.
g. (Female) (1): I think I am leaning more towards drone delivery because of the
pandemic.
h. (Male) (3): COVID has resulted in me having a positive attitude toward drone delivery.
I have increased my use of delivery services and gone out in public less. I would like to
have fewer people coming to my house and ringing my doorbell during the pandemic. I
think this would result in fewer people handling packages as well.
i. (Female) (1): COVID is part of the thought process but it has not influenced my
attitude much. I follow the restrictions, but that is about it. I have used curbside pickup
and food delivery a lot more than I used to. New delivery services are available. This
may have influenced my attitude towards drones as I answer these questions.
j. (Female (1): As a nurse I have seen the dark side of COVID. My husband is
considered high risk as well. We have taken many precautions and stayed home. So
COVID is a consideration in all my decisions. I have avoided going into stores all I can.
I use grocery delivery and have other items delivered. I am for any technology that
improves delivery services.
4. How many COVID-19 cases have been recorded in your state of residence?
a. (Female) (3): No idea. I think we passed a certain milestone at some point. I think the
cases are decreasing.
b. (Female) (2): I do not know.
c. (Male) (4): No
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d. (Male) (2): I do not know how many cases my state has. At some point we were a
nationwide hot spot. Some said the annual parade was the reason for the high number of
cases.
e. (Male) (5): I do not know but I think we are one of the higher states in terms of cases.
f. (Male) (5): No Idea
g. (Female) (1): No idea
h. (Male) (3): I do not know.
i. (Female) (1): Not sure
j. (Female (1): No idea
5. In your opinion, what are some of the relative advantages of drone delivery?
a. (Female) (3): I think a relative advantage is a reduced number of people involved in
the delivery process. Delivery drivers will find different work. There will likely be a
loss of jobs for drivers, but this will be good for companies. Drone delivery may also be
more reliable. I welcome new technology.
b. (Female) (2): In my opinion speed is an advantage over traditional delivery methods.
c. (Male) (4): I would assume some of the relative advantages would be speed, efficiency
from a business perspective and reduced cost.
d. (Male) (2): I think drones may be cheaper. That is the only thing I can think of. But I
am not sure if they are cheaper.
e. (Male) (5): Speed is number one. Also, I think a ground control vehicle can locate
centrally and launch multiple delivery drones. This could make delivery faster, reduce
manpower requirements and hours and these cost savings may be extended to consumers.

166
f. (Male) (5): I think savings in money and time are relative advantages. Also, it may be
safer as it reduces traffic on the roads and the potential for a traffic accident. Overall, I
think drone delivery will be beneficial and convenient.
g. (Female) (1): I think drones are safer than traditional methods amidst the pandemic.
Also, I think it is safer than for example having an unknown man or woman deliver
packages to your residence. Especially if the delivery is after dark.
h. (Male) (3): I think fewer packages would be damaged by removing the human element
where possible. I also think drone delivery would be more efficient than current delivery
services.
i. (Female) (1): Faster maybe.
j. (Female (1): Reducing delivery time. I think it could be cheaper compared to the cost
of delivery drivers and vehicles.
6. What does compatibility of drone delivery mean to you? Do you perceive
compatibility to be the same as relative advantage?
a. (Female) (3): Drone delivery is compatible with my lifestyle. I like to try new things
and be on the front line. I find drone delivery interesting.
b. (Female) (2): If it gets my package delivered on time, I consider it compatible.
c. (Male) (4): Drones can replace a customary method of delivery. This is a relative
advantage. Compatibility is different as it is possibly unrelated to the method that came
before it.
d. (Male) (2): Compatibility means that the delivery mode meets the needs of the
consumer. Proper location, timing and being able to meet the need. I believe this is the
same as relative advantage as usefulness is the same as meeting needs. They go together.
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e. (Male) (5): To me compatibility means integration into my life. If I can use apps on
my phone such as grocery delivery apps then it is compatible. Society is familiar with
apps. Drone delivery adds convenience, so it is compatible. This is different than the
relative advantages when compared to other delivery services.
f. (Male) (5): Compatibility to me means that it is a feasible option over alternatives. For
example, is it compatible with the way my yard is set up? Is the technology meeting my
needs and expectations? I think this is different from relative advantage, but I think my
answers would be similar and positive for both.
g. (Female) (1): Compatibility means that the technology works with your lifestyle.
h. (Male) (3): I think compatibility is like relative advantage.
i. (Female) (1): Compatibility means that it works with what you already have. For
example, I must buy a certain charger for my phone. One that is compatible. I do not see
this as the same as relative advantage.
j. (Female (1): A drone delivery service is compatible if it can carry the package your
ordered and deliver it to the delivery location. This could be a relative advantage if the
delivery man could not deliver the package.
7. What is the most important factor that would result in you having a more positive
attitude towards drone delivery?
a. (Female) (3): The two most important factors to me are on time delivery and reliability.
b. (Female) (2): The most important factor to me is the speed of delivery.
c. (Male) (4): I think a proven drone delivery solution would positively influence my
attitude toward drone delivery. Right now, there are a lot of variables. I am currently
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unaware, do not have enough knowledge of drone delivery. Solutions to consider are
airspace deconfliction, air traffic safety. It is a novel idea, but maybe not likely now.
d. (Male) (2): The most important factor to me is gaining more knowledge about the
machines, technology and/or people controlling them. I would also like to know more
about the regulations. More knowledge would have the greatest impact on my attitude.
e. (Male) (5): The most important factor to me is maturity of the platforms and
technology. Technology such as batteries and aircraft need to mature. I think the current
consideration is small package delivery. With increased use, I expect the capability to
grow, payloads capacity to increase and larger packages to be delivered.
f. (Male) (5): The most important factor for me is safety. The safety of my kids, dog, and
property.
g. (Female) (1): Accuracy. I am glad that it would not be a person delivering the
package. But I would want drones to make no or very few mistakes.
h. (Male) (3): Demonstrated accuracy in performance. Right package at the right place
and right time. Although, I already have a very positive attitude toward drone delivery.
i. (Female) (1): I would just like to know that they are safe. I do not think they would be
used for delivery if they were not, but I have not used drone delivery before.
j. (Female (1): I think I would just have to try it. If it resulted in faster delivery that
would make my attitude towards them better.
8. What is your greatest concern with drone delivery?
a. (Female) (3): My greatest concerns are the potential to deliver to the wrong address.
Drones cannot decide if unexpected situations arise such as weather. I think it will be a
complimentary service. Something to extend the capability of delivery drivers.
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b. (Female) (2): I suppose that the drone could drop my package accidently.
c. (Male) (4): Integration into the airspace system is my biggest concern. As a pilot, I am
uncertain about how comfortable I am with drones being in the airspace. I think the
safety/integration will be worked out.
d. (Male) (2): My biggest concern is the individuals that operate drones may not have the
required competence sufficient to mitigate associated risk. Example: private pilot
certifications vs. drone pilot certifications. They may be the same or stricter for drone
pilots. This opinion may be due to my incompetence on the subject.
e. (Male) (5): My greatest concern is privacy. But it is small compared to the potential
benefits. I am willing to sacrifice privacy for convenience. I believe there will be
reasonable safeguards such as geofencing, flight routs etc. Hopefully drone delivery does
not evolve to police surveillance where delivery drones can be taken over at the will of
the government and re-tasked.
f. (Male) (5): My greatest concern would be the potential for damage to my family,
animals, property, or damage to the drone.
g. (Female) (1): My biggest concern would be a lost package. Also, concerns as to how
packages would be delivered to apartment buildings.
h. (Male) (3): The greatest concern I have is the impact on aviation. The impact on air
traffic. But I do not know. They may have already solved this problem.
i. (Female) (1): Safety. Really for the people on the ground.
j. (Female (1): If they get the package to my house on time and don't crash, I don't really
have any concerns.
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9. Do you perceive a difference between performance risk and delivery risk in the
context of drone delivery?
a. (Female) (3): I do perceive delivery risk and performance risk differently. Delivery
risk is on time delivery. Performance risk includes decision making which could be
humans, determining routes, package weight considerations.
b. (Female) (2): I think these are the same.
c. (Male) (4): Performance risk and delivery risk are different. Performance risk is speed,
efficiency, on time. Delivery risk is that the package is not destroyed, successful delivery
and implications if the package is delivered in the rain.
d. (Male) (2): Performance risk and delivery risk are different. Performance risk is the
vehicle operating safely in the airspace. Delivery risk is failure to deliver the package as
prescribed.
e. (Male) (5): I think performance risk and delivery risk is different. Performance risk for
example is the drone losing the control link due to weather. Delivery risk is associated
with delivering on time and to the right location.
f. (Male) (5): Different. Performance risk is liability such as damage to property. Who
pays for liability? Delivery risk is associated with the items delivered. Are they
expensive, cheap, etc.?
g. (Female) (1): I do not see a difference between performance risk and delivery risk.
h. (Male) (3): I think they are different. Performance risk is to do what it is supposed to
do every time - accuracy. Delivery risk is getting my package or not. The package
potentially being damaged.
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i. (Female) (1): To me, performance means to be on time when talking about delivery
services. Delivery risk would be the risk of the package not being delivered at all or the
wrong package.
j. (Female (1): These are different. In the earlier question I thought drone delivery would
perform better than a delivery man. For example, faster or cheaper. The risk would be
that it would not. I would say delivery risk is the idea that the delivery could not be
completed for some reason. Maybe it gets stolen after the drone drops it off.
10. Does one (benefits or risks) outweigh the other?
a. (Female) (3): The benefits of drone delivery outweigh the risks. They may be
environmentally safe; society will benefit and there are risks in everything.
b. (Female) (2): To me, the benefits outweigh the risks.
c. (Male) (4): If the solutions I mentioned are addressed then the benefits outweigh the
risks. Without the solutions the risks outweigh the benefits.
d. (Male) (2): The risks outweigh the benefit and has the strongest influence on my
attitude. The risk outweighs the potential benefits of cost savings.
e. (Male) (5): The benefits outweigh the risks. I think a gradual release of drones for
delivery, rather than a fast rollout is necessary. The free market will drive the speed of
implementation. There will be reasonable regulations.
f. (Male) (5): The FAA is overly cautious, so I think the benefits outweigh the risks.
However, safety outweighs convenience. I can reorder a package, but the potential
damage could be permanent to property, people, or animals.
g. (Female) (1): To me the benefits and risks are about the same.
h. (Male) (3): The benefits outweigh the risk based on my knowledge of drones.
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i. (Female) (1): Benefits outweigh the risks.
j. (Female (1): If my idea of the benefits is accurate then I would say the benefits
outweigh the risks. If it is a faster and cheaper delivery service, then I am for it. I think
there are probably similar risks in delivery services today.
11. Do you have any recommendations that may be employed to positively influence
the public’s attitudes toward drone delivery?
a. (Female) (3): I would recommend introducing drones to a small community. Getting
the feedback and having reviews of the service posted and accessible. I think companies
should select the best mode of delivery. It is not the case where we as consumers should
choose to have our package delivered by truck or drone. We do not have that option now
beyond the speed of delivery (next day air, three-day ground). Consumers may not care
about how they get the package as long as it meets time expectations. Highlighting cost
savings and creating an environment where consumers get more use and experience with
the technology would be helpful.
b. (Female) (2): I think we just must give it a try.
c. (Male) (4): I think an action group or committee would be useful to improve our
knowledge of the solutions. Who do we ask questions to? The solutions I mentioned
may already be in place, I just do not know if they are.
d. (Male) (2): Yes. First and foremost, educate the public. Airplanes have been around
long enough that we faithfully board them. But new tech needs a campaign to educate
the population.
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e. (Male) (5): I think the public just needs to gain some experience with the technology.
A small percentage of people have experienced drone delivery. Consumer data such as
reviews and feedback will shape the public opinion.
f. (Male) (5): I think demonstrating that there is enough oversight to mitigate safety risks
would positively influence the public's attitude. Regulations that reduce risk will be
useful. Then advertise those procedures for safety, ongoing audits, etc.
g. (Female) (1): I do not have any recommendations.
h. (Male) (3): Be transparent. Let people know how it works and how you will protect
their packages, family, privacy, and property. We tend to fear things we are unfamiliar
with.
i. (Female) (1): Not that I can think of right now.
j. (Female (1): No, we just need to see if it is faster or cheaper or if there are any other
upsides to using it.

